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 This study modeled changes in pre-service teacher efficacy in mathematics and 

science over the course of the final year of teacher preparation using latent transition 

analysis (LTA), a longitudinal form of analysis that builds on two modeling traditions 

(latent class analysis (LCA) and auto-regressive modeling). Data were collected using 

the STEBI-B, MTEBI-r, and the ABNTMS instruments. The findings suggest that LTA is 

a viable technique for use in teacher efficacy research.  

 Teacher efficacy is modeled as a construct with two dimensions: personal 

teaching efficacy (PTE) and outcome expectancy (OE). Findings suggest that the 

mathematics and science teaching efficacy (PTE) of pre-service teachers is a multi-

class phenomena. The analyses revealed a four-class model of PTE at the beginning 

and end of the final year of teacher training. Results indicate that when pre-service 

teachers transition between classes, they tend to move from a lower efficacy class into 

a higher efficacy class. In addition, the findings suggest that time-varying variables 

(attitudes and beliefs) and time-invariant variables (previous coursework, previous 

experiences, and teacher perceptions) are statistically significant predictors of efficacy 

class membership. Further, analyses suggest that the measures used to assess 

outcome expectancy are not suitable for LCA and LTA procedures. 
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CHAPTER 1 

INTRODUCTION 

 Teacher education programs are routinely criticized for failing to adequately 

prepare future teachers, especially in the area of elementary mathematics and science 

(McDermott, 1990). Part of the problem lies in the fact that many elementary pre-service 

teachers have exceptional levels of math anxiety (Gresham, 2008) and/or science 

anxiety (Koch, 1993; Orlich, 1980). These anxieties are mirrored in the American 

society as a whole, where “math phobia” (Burns, 1998, p. ix) and scientific illiteracy 

(Hazen & Trefil, 1991) are commonplace. A crucial feature in reforming pre-service 

teacher education is changing prospective teachers’ attitudes and beliefs about 

mathematics and science (Clark & Peterson, 1986; Richardson, 1996).       

 A key component hypothesized to affect the development of mastery in any 

cognitive ability is the concept of self-efficacy. First postulated by Bandura (1977b), self-

efficacy has been recognized as a crucial component in performance. Efficacy beliefs 

affect any number of human behaviors, including academic ones. In educational 

settings, self-efficacy beliefs relate to self-regulated learning and academic performance 

(Hackett, 1995; Pajeres, 1996; Schunk, 1991; Zimmerman, 1995). Utilizing the works of 

Bandura (1977b) and Schunk (1989), Zimmerman (1995) defined perceived academic 

self-efficacy as “personal judgments of one’s capabilities to organize and execute 

courses of action to attain designated types of educational performances” (p. 203). 

Students’ beliefs in their ability to master academic activities influences their ambitions, 

degree of interest in scholarly pursuits, academic achievements, and level of 
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preparation for various occupations (Hackett, 1985, 1995; Holden, Moncher, Schinke, & 

Barker, 1990; Schunk, 1989, Zimmerman, 1995).   

 Bandura (1997) described the early school years as an influential period in the 

development of the academic self-efficacy beliefs in students. Bandura states that 

intellectual efficacy beliefs are principally a social construction composed of self-

appraisals in various academic subjects, repeated comparisons with the achievement of 

their peers, and direct or indirect understanding of the academic and ability evaluations 

and expectations placed on them by their teachers. Of these factors, teacher influences 

are perhaps the most important (Bandura, 1997).    

Statement of the Problem 

 There is compelling evidence that a teacher’s self-efficacy is a crucial component 

in their students’ achievement (Armor et al., 1976; Ashton & Webb, 1986; Bandura, 

1997; Moore & Esselman, 1992; Ross, 1992), motivation (Midgley, Feldlaufer, & Eccles, 

1989) and sense of efficacy (Anderson, Greene, & Loewen, 1988). Consistent with 

Bandura’s (1977b) general formulation of self-efficacy, teacher efficacy is defined as a 

teacher’s “judgment of his or her capabilities to bring about desired outcomes of student 

engagement and learning, even among those students who may be difficult or 

unmotivated” (Tschannen-Moran & Woolfolk-Hoy, 2001, p. 783). Teachers’ sense of 

efficacy is one of the few teacher characteristics that consistently shown to have an 

impact on the behavior and learning of students (Woolfolk & Hoy, 1990). This impact is 

more important in younger students than in older students (Anderson et al., 1988).   

 Research indicates that teacher self-efficacy beliefs tend to be difficult to change 

once established (Anderson et al., 1988; Tschannen-Moran, Woolfolk-Hoy, & Hoy, 
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1998). However, researchers have found that the self-efficacy beliefs of pre-service 

teachers are malleable and can change over the course of teacher preparation 

programs (Housego, 1992; Hoy & Woolfolk, 1990, Huinker & Madison, 1997). The 

importance of teacher self-efficacy in student achievement and the potential to influence 

the formation of pre-service teacher self-efficacy beliefs has fueled numerous studies of 

pre-service teacher efficacy (e.g., Anderson et al., 1988; Housego, 1992; Hoy & 

Woolfolk, 1990; Ohmart, 1992; Tschannen-Moran et al., 1998; Watters & Ginns, 1995).    

Significance of the Study 

 Teacher-efficacy researchers (Bleicher, 2004; Henson, 2002) have called for 

longitudinal studies of pre-service teacher efficacy in order to understand better how this 

complex construct evolves over time. Often, the statistical techniques traditionally used 

in efficacy studies, such as correlational analyses, are not suitable for longitudinal data. 

The present study introduces an advanced statistical modeling technique, latent 

transition analysis (LTA), to the study of teacher efficacy. LTA is a form of longitudinal 

data analysis. While LTA has been used extensively in other social science fields to 

study developmental patterns over time, such as drug use and abuse (Graham, Collins, 

Wugalter, Chung & Hansen, 1991); peer victimization (Nylund, 2007); and changes in 

health-risk behaviors of teens (Reboussin, Reboussin, Liang, & Anthony, 1998), the use 

of LTA in educational studies is relatively new. A search of the EBSCOhost (Elton B. 

Stephens Company), ERIC (Education Resources Information Center), JSTOR (Journal 

Storage), SAGE Publications (Sarah and George McCune, founders and co-owners), 

and WorldCat databases revealed only five studies using LTA in educational settings. 

These studies examined children’s drawing development (Humphreys & Janson, 2000) 
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and mental rotation performance (Geiser, Lehmann, Corth, & Eid, 2008), academic 

intrinsic motivation (Marcoulides, Gottfried, Gottfried, & Oliver, 2008), stage-sequential 

models for reading development (Kaplan & Walpole, 2005) and late-emerging reading 

disabilities (Compton, Fuchs, Fuchs, Elleman, & Gilbert, 2008). The review of literature 

did not reveal any studies using LTA to model the development of pre-service teacher 

self-efficacy. Because LTA is likely to be unfamiliar to most readers, the present study 

provides both a pedagogical introduction to the LTA model building process and an 

application of this process to the study of pre-service teacher efficacy in science and 

mathematics. 

 Based on the findings of Gibson and Dembo (1984), many efficacy researchers 

characterize teacher efficacy as a dual class phenomenon (high versus low efficacy). 

However, a precise definition of high and low efficacy is absent in the literature. In fact, 

many teacher efficacy studies report growth in efficacy over the course of treatment 

(i.e., a university-based educational methods course) as if the participants were a 

homogeneous group, yet refer to high and low efficacy groups in the discussion. LTA 

provides the means to determine if unobserved groups (called classes in LTA 

nomenclature) exist in the surveyed population. In addition, distinct growth patterns for 

each class can be determined (Jung & Wickrama, 2008).   

 Finally, even though teacher efficacy has been acknowledged as a complex 

construct, the methodologies used in most studies are limited in how relationships 

between variables can be described. Many teacher efficacy studies explore the 

relationship between background variables and the outcome variables of teacher 

efficacy. Background variables are time-invariant variables, because they do not change 
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over time. For instance, gender is a variable that affects teacher efficacy in science 

(Bleicher, 2004; Riggs, 1991). However, the effect of gender on teacher efficacy is 

typically calculated at a single time point. LTA allows the researcher to explore the 

effect of gender over multiple time points, to determine if the effect of gender on efficacy 

class membership remains constant or varies with time. In addition, previous research 

has examined the correlation between teacher efficacy and variables that can change 

over time, such as math anxiety (Gresham, 2008; Swars, 2005; Swars & Giesen, 2006). 

These types of variables are time-varying variables, because these variables have the 

potential to change over time. Traditional analytical procedures are limited to describing 

the correlation between an outcome variable and a time-varying variable at a single 

point in time, instead of exploring how the relationship between the variables may 

change over time. LTA allows the researcher to explore the effect of variables that can 

change over time on pre-service teacher efficacy over multiple time points.  

Purpose of the Study 

 The purpose of the present study was three-fold. First, the use of LTA allowed 

me to determine if the dual-class model of teacher efficacy was empirically valid. 

Previous research has hypothesized that teacher efficacy is a two-class model (Gibson 

& Dembo, 1984). However, researchers have not provided a definition of what 

constitutes low versus high efficacy. Second, the present study explored the effect of 

covariates on pre-service teacher efficacy classes. Two types of covariates are 

examined: time-invariant and time-varying. Variables measured on a single occasion 

are time-invariant variables. These variables are typically background variables (i.e., 

gender, ethnicity, number of courses taken, etc.). Time-varying variables are variables 
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that can change over time and are measured at the same time as the outcome 

variables. In the present study, the time-varying variables are pre-service teacher 

attitudes and beliefs about the nature of and the teaching of mathematics and science, 

specifically as related to reform-based mathematics and science teaching practices. 

The present study explores the effects of both types of covariates on pre-service 

teacher efficacy in mathematics and science. Finally, the present study utilizes a 

pedagogical approach in reporting the findings. This provides efficacy researchers who 

want to use LTA in their own studies with more information about the LTA model-

building process than is typically found in research articles.  

Research Questions  

 The following questions are pertinent to the present study: 

1.) Is there a statistically significant effect of covariates (time-invariant and/or time-

varying) on pre-service teachers’ science and mathematics efficacy by class? 

2.) Is there a statistically significant effect of covariates (time-invariant and/or time-

varying) on class membership over time? 

Definition of Terms 

Key terms used in the present study are defined below:  

• Attitudes and Beliefs about the Nature of and the Teaching of Mathematics and 

Science (ABNTMS): 35-item scale designed to measure pre-service teacher attitudes 

and beliefs about the nature of and the teaching of mathematics and science utilizing 

reform-based practices (McGinnis, Watanabe, Shama, & Graeber, 1997; McGinnis, 

Kramer, Shama, Graeber, Parker, & Watanabe, 2002). The instrument consists of five 

subscales:  (1) Beliefs about the Nature of Mathematics and Science (BMS), (2) 
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Attitudes toward Mathematics and Science (AMS), (3) Beliefs about the Teaching of 

Mathematics and Science (BTMS), (4) Attitudes toward Using Technology to teach 

Mathematics and Science using Technology (AUTMS), and (5) Attitudes toward 

Teaching Mathematics and Science (ATMS). 

• Latent transition analysis (LTA): A type of longitudinal analysis, built on two 

modeling traditions: latent class analysis (LCA) and autoregressive modeling 

(specifically Markov models) (Nylund, 2007). LCA identifies unobserved homogenous 

“classes” (or groups) within a heterogeneous population (Jung & Wickrama, 2008, p. 

302). Autoregressive modeling describes transitions between the classes over time. 

LTA simultaneously models unobserved subpopulations within a surveyed population 

and explores changes in those classes at time-adjacent points (Nylund, 2007). 

• Mathematics Teaching Efficacy Beliefs Instrument-revised (MTEBI-r): 23-item 

scale designed to measure the mathematics teaching efficacy beliefs of pre-service 

teachers in two hypothesized factors-personal mathematics teaching efficacy (PMTE) 

and mathematics teaching outcome expectancy (MTOE). Developed by Huinker and 

Enochs (1995) and Enochs, Smith, and Huinker (2000) as a 21-item scale, the MTEBI 

was purposefully revised by Eddy and Ward (2009) for the present study. The revised 

form is the version utilized in the present study. 

• Science Teaching Efficacy Beliefs Instrument-Form B (STEBI-B): 23-item scale 

designed to measure the science teaching efficacy beliefs of pre-service teachers in two 

hypothesized factors-personal science-teaching efficacy (PSTE) and science teaching 

outcome expectancy (STOE). Developed by Enochs and Riggs (1990), the scale was 



 

8 

revised by Bleicher in 2004. The revised form (Bleicher, 2004) is the version of the 

STEBI-B utilized in the present study. 

• Teacher efficacy: A teacher’s “judgment of his or her capabilities to bring about 

desired outcomes of student engagement and learning, even among those students 

who may be difficult or unmotivated” (Tschannen-Moran and Woolfolk-Hoy, 2001, p. 

783).   

• Time-invariant variables: Variables that do not change over time (i.e. gender, 

ethnicity, etc). These variables are measured on one occasion, usually at the onset of 

the study (Nylund, 2007). 

• Time-varying variables: Variables that can change over time (i.e. attitudes, 

beliefs). These variables are measured at the same time as the outcome variables 

(Nylund, 2007). 

Assumptions of the Study 

 The following assumptions were made for the present study. First, I assumed 

that the participants accurately reported their qualifications to participate in the study 

(seeking EC-4 or 4-8 certification and enrollment in all four education methods courses 

for Fall 2008). Second, I assumed that qualified participants completed the online 

surveys. Third, I assumed that on each measurement occasion the student responses 

to the survey instruments reflected students’ honest assessment of their attitudes and 

beliefs about science and mathematics as well as their perceived efficacy toward 

teaching science and mathematics. Finally, the common syllabi provided by the teacher 

education department and required textbooks (Van De Walle, 2007; Victor, Kellough, & 

Tai, 2008) for the science and mathematics methods courses were oriented to 
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standards-based instruction in science and mathematics. The departmental intent is for 

instructors to utilize a standards-based approach when teaching these courses. 

Limitations of the Study 

 There were several limitations to the present study. First, the present study was 

conducted at one public university in the south-central part of the United States, which 

may possibly limit the generalizability of the results. Second, there was little variability in 

the demographics of the study population, since most of the participants in the study 

were white females. Third, computer security issues beyond my control hindered data 

collection at the second time point. The security certificate for the survey website 

expired between the first and second survey administrations. This prevented some 

participants from accessing the survey during the second data collection period. Fourth, 

a combination of faculty and adjunct instructors taught the mathematics and science 

methods courses. The only contact that I had with the methods instructors related to the 

present study was to ask them to encourage their students to participate in the study. 

The degree of collaboration and communication between instructors, conformity to the 

departmental syllabus, and emphasis on a standards-based approach to mathematics 

and science instruction are unknown. Thus, instructor-related variables are not 

controlled for in the present study. 
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CHAPTER 2  

REVIEW OF LITERATURE 

This review of literature guides the reader through several relevant topics related 

to the formation of the present study. In order to orient the reader to the theoretical 

underpinnings of the study, the literature related to the theoretical constructs for teacher 

efficacy and the concept of teacher beliefs and attitudes is examined. After providing a 

general foundation in each of these areas, the literature related to the development and 

implementation of instruments designed to measure teacher efficacy and teacher 

attitudes and beliefs is reviewed. An evaluation of research studies conducted on the 

topic of science and mathematics teacher efficacy is provided to establish what has 

been done in the field and present the rationale for the present study. Because the 

present study utilized a methodology not commonly used in education research, an 

introduction to latent transition analysis (LTA) is included in the literature review. The 

review of literature concludes with a discussion of the scholarly and practical 

significance of the present study.   

The literature base regarding teacher efficacy is vast, ranging from studies that 

examine general teaching efficacy to studies that examine efficacies related to sub-

topics within a content area. In a similar vein, the research on teacher attitudes and 

beliefs is also extensive. In order to focus on the literature that was most relevant to the 

present study, some parameters were established to frame the literature review. After a 

general introduction to the constructs of teacher efficacy and teacher attitudes and 

beliefs, the literature review focuses specifically on pre-service teacher efficacy and 

teacher attitudes and beliefs as related to the content areas of science and 
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mathematics. Because of this focus on science and mathematics, several areas of the 

literature were excluded from this review. Research focused on general teacher 

efficacy, collective teacher efficacy, in-service teacher efficacy, or efficacies in content 

areas other than science and mathematics were excluded, unless the research was 

elemental to understanding the research related to pre-service science and 

mathematics teacher efficacy. In a similar fashion, only research that focused on 

teacher or student attitudes and beliefs about the nature of and the teaching of science 

and mathematics was included in the review of literature.   

Teacher Efficacy 

 There are two theoretical constructs cited in the literature as foundational to the 

development of the concept of teacher efficacy: (1) the locus of control construct 

(Rotter, 1966), which stems from social learning theory (Rotter, 1954, 1955, 1960) and 

(2) the self-efficacy construct (Bandura, 1977b, 1986, 1997), which stems from social 

cognitive theory (Bandura, 1971, 1977a, 1986). Each of these constructs has played a 

key role in the development of the concept of teacher efficacy. However, as should be 

expected, the presence of two theoretical constructs embedded in the concept of 

teacher efficacy has created controversy within the field. Significant literature related to 

the development of the teacher efficacy construct is reviewed below. 

 The earliest mention of teacher efficacy in the Education Resources Information 

Center (ERIC) system is in a study by Barfield and Burlingame (1974). The purpose of 

this study was to investigate the relationship between teachers’ perceptions of pupil 

control and three variables: socioeconomic status of a school’s pupils, the teacher’s 

sense of efficacy, and the level of the school (elementary, junior high, or senior high). 
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This study utilized a scale called the Teacher Efficacy Scale (TES), a 5-item instrument 

designed to measure the sense of powerlessness a participant feels in the ability to 

change their situation. A footnote to the description of the scale indicates that this scale 

was actually the Political Efficacy Scale (PES) (Campbell, Converse, Miller, & Stokes, 

1960), which measured “a person’s attitude toward political action” (Barfield & 

Burlingame, 1974, p. 8). Barfield and Burlingame state that efficacy was defined as “a 

positive attitude toward accomplishing things through politics” (1974, p. 8). Barfield and 

Burlingame (1974) do not provide a copy of the TES utilized in their study, so it is 

impossible to determine exactly how the scale was modified other than the statement 

that the name of the scale was changed for the study. An examination of the PES 

(Robinson, Rusk, & Head, 1968) reveals questions such as “I don’t think public officials 

care much about what people like me think” and “Sometimes politics and government 

seems so complicated that a person like me can’t really understand what’s going on” (p. 

460). These questions (even if reworded) seem to have little relation to teacher efficacy. 

However, because Barfield and Burlingame (1974) study has been cited in other 

teacher efficacy studies, its inclusion is warranted in this review. 

The earliest effort to measure teacher efficacy with questions based on a 

psychological theoretical construct occurred in two RAND (Research and Development) 

Corporation studies (Armor et al., 1976; Berman et al., 1977). In these studies, teacher 

efficacy was measured using two items. The first item (RAND Item 1) read “When it 

comes right down to it, a teacher really can’t do much (because) most of a student’s 

motivation and performance depends upon his or her home environment” (Armor et al., 

1976, p. 23). The second item (RAND Item 2) read “If I try really hard, I can get through 
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to even the most difficult or unmotivated students” (Armor et al., 1976, p. 23). These two 

items are based on Rotter’s (1966) locus of control construct. The theoretical 

underpinnings of the psychological construct of locus of control are described below.  

Locus of Control Theory 

Social learning theory (Rotter, 1954, 1955, 1960) provides the theoretical 

foundation for the construct of locus of control (Rotter, 1966). Locus of control posits 

that rewards or reinforcements are critical in the “acquisition and performance of skills 

and knowledge” (Rotter, 1966, p. 1). However, individuals differ in their perception of the 

reward or reinforcement. The effect of the reward or reinforcement on behavior depends 

upon the causal relationship that an individual perceives between the behavior and the 

reward or reinforcement. Rotter characterized this causal relationship as locus of 

control. Rotter hypothesized that a generalized belief of internal-external control 

describes the difference that individuals perceive in expectancies for control of rewards 

or reinforcements. If the individual perceives that the outcome of the event is based 

upon personal behavior or characteristics, this belief is described as internal control. 

When the outcome of an event is perceived as being contingent upon other factors 

(such as luck, fate, chance, the influence of others, or uncontrollable forces) that 

influence personal efforts, this belief is described as external control. Rotter 

hypothesized that this variable was crucial to understanding learning processes in 

different settings.  

Rotter (1966) describes the development of a scale to measure individual 

perception of internal versus external control. The Internal-External Scale (I-E Scale) is 

a 29-item forced choice scale that measures individual differences in generalized 
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expectancy of locus of control. Rotter analyzed the results of several studies (Cardi, 

1962; Franklin, 1963; Ladwig, 1963; Schwarz, 1963; Strickland, 1962; Watt, 1962) that 

utilized this scale. His conclusions were that individuals with an internal locus of control 

were likely to: 

(a) be more alert to those aspects of the environment which provide useful 
information for his future behavior, (b) take steps to improve his environmental 
condition, (c) place greater value on skill or achievement reinforcements and be 
generally more concerned with his ability, particularly his failures, and (d) be 
resistive to subtle attempts to influence him (Rotter, 1966, p. 25). 

 
The importance of locus of control as a factor in behavior led the RAND researchers to 

develop the aforementioned items to measure a teacher’s sense of efficacy. These two 

items were utilized in two key educational studies conducted by the RAND organization 

(Armor et al., 1976; Berman et al., 1977).    

The two teacher efficacy items developed by the RAND researchers were based 

on Rotter’s (1966) locus of control construct that were included in their studies. Both 

items utilized a 5-point Likert (1967) response option. Higher scores on each item reflect 

an orientation to an internal locus of control. The item “When it comes right down to it, a 

teacher really can’t do much (because) most of a student’s motivation and performance 

depends upon his or her home environment” (Armor et al., 1976, p. 23) was designed to 

measure the influence of external factors on a teacher’s sense of efficacy. The item “If I 

try really hard, I can get through to even the most difficult or unmotivated students” 

(Armor et al., 1976, p. 23) was designed to measure internal factors related to a 

teacher’s sense of efficacy. The combined scores on these two items provide an overall 

efficacy score. The RAND researchers interpreted this score as “the extent to which the 

teacher believes that he or she has the capacity to produce an effect on the learner of 
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students” (Armor et al., 1976, p. 23). Higher scores indicated higher levels of perceived 

efficacy. Results of the first study (Armor et al., 1976) indicated a strong correlation 

between teacher efficacy scores and the reading achievement of their students. In other 

words, the higher a teacher’s sense of efficacy was, the greater the reading 

achievement of their students. The second study (Berman et al,. 1977) analyzed survey 

data collected from 100 Title III programs to evaluate the effectiveness of program 

implementation after federal funding ended. Teacher efficacy was an influential 

explanatory variable for several items under study: “percentage of goals achieved, 

improved student performance, teacher change, and continuation of project methods 

and materials” (Berman et al,. 1977, p. 73). 

The results of the RAND studies (Armor et al., 1976, Berman et al., 1977) began 

the first wave of research in teacher efficacy. Researchers who chose to use Rotter’s 

(1966) locus of control theory as the basis for research on teacher efficacy beliefs 

utilized this theory to elaborate on the concept of internal versus external control of 

reinforcement. Several key correlations to teacher efficacy were discovered, including 

student achievement (Armor et al., 1976; Ashton, 1985; Ashton & Webb, 1986; Berman 

et al., 1977), teacher stress (Greenwood et al., 1990; Parkay et al., 1988), teacher affect 

toward teaching (Ashton, Olejnik, Crocker, & McAuliffe, 1982), teacher willingness to 

implement innovations (Berman et al., 1977; Guskey, 1984; Smylie, 1988), and teacher 

commitment to remaining in the field (Glickman & Tamashiro, 1982). These findings 

stimulated additional research on the teacher efficacy construct.   
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Social Cognitive Theory 

 The second, and more influential, strand of research in teacher efficacy has 

grown out of Bandura’s (1977b) self-efficacy construct, which has its theoretical 

foundation in social cognitive theory (Bandura, 1971, 1977a, 1986). Bandura (1977b) 

posited that self-efficacy is comprised of two components: response-outcome 

expectancies and efficacy expectations. These two components of self-efficacy have 

served as the focal point of a majority of teacher efficacy research. However, confusion 

over exactly what these two components are and how they are measured has been a 

source of considerable debate in the educational community. 

In his initial description of the self-efficacy construct, Bandura (1977b) provided 

the following definitions for the two components of efficacy: 

An outcome expectancy is defined as a person’s estimate that a given behavior 
will lead to certain outcomes. An efficacy expectation is the conviction that one 
can successfully execute the behavior required to produce the outcomes. 
Outcome and efficacy expectations are differentiated, because an individual can 
believe that a particular course of action will produce certain outcomes, but if 
they entertain serious doubts about whether they can perform the necessary 
activities such information does not influence their behavior (p.193, emphasis 
added) 

 
Bandura noted that it is important to distinguish the differences between efficacy 

expectations and outcome expectancies. These differences are presented 

schematically in Figure 2.1. 
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Figure 2.1.  Diagrammatic representation of the differences between efficacy 
expectations and outcome expectations. 
 

Bandura (1977b) listed and described four sources of efficacy expectations: 

“performance accomplishments, vicarious experience, verbal persuasion, and emotional 

arousal” (p. 195). Performance accomplishments are one of the most influential sources 

of efficacy expectations because they stem from personal mastery experiences. There 

are two key components to mastery experiences: success or failure and timing. 

Intuitively, successful experiences lead to enhanced expectations, while repeated 

failures will lower expectations. However, Bandura points out that the timing of the 

successes or failures is important as well. Early failures can dash efficacy expectations 

despite growth in skills. On the other hand, successes followed by an occasional failure 

can actually increase efficacy expectations, because one can learn the importance of 

perseverance in difficult tasks. Vicarious experiences are also important to efficacy 

expectations. Observing other individuals persevering through difficult tasks can raise 

efficacy expectations by providing a role model for success. Verbal persuasion is 

commonly used to influence behavior; however, it is limited in effectiveness, especially 

in the face of adverse situations. Emotional arousal can also significantly influence 

efficacy expectations, but high levels of arousal typically produce a negative effect on 

efficacy expectations. 

Person Behav ior Outcome

Ef f icacy  
Expectations

Outcome 
Expectations
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In addition to the sources of efficacy expectations, Bandura (1977b) also stated 

that there are several dimensions to efficacy expectations and that variation in these 

dimensions can have significant impact of performance. The dimensions of efficacy 

expectations are magnitude, generality, and strength. Magnitude relates to the level of 

difficulty in a task. Individuals with lower efficacy expectations may be limited to simpler 

tasks, while individuals with higher efficacy expectations may accomplish even the most 

difficult tasks. Generality refers to the level of specificity in the task and its impact on 

efficacy expectations. Some experiences will instill efficacy in very specific situations, 

while other experiences may result in a more generalized sense of efficacy. Finally, 

strength relates to relative influence of the efficacy expectation. Disconfirming 

experiences can thwart weak expectations, while strong expectations can foster a 

sense of perseverance in the face of difficult experiences. 

Bandura (1986) further elaborates on the relationship between efficacy 

expectations and outcome expectations. He states that “perceived self-efficacy is a 

judgment of one’s capability to accomplish a certain level of performance; whereas an 

outcome expectation is a judgment of the likely consequence such behavior will 

produce” (Bandura, 1986, p. 391). To use an example from the classroom, an 

individual’s belief that they can solve long division problems is an efficacy judgment, 

whereas the anticipated grade, recognition, and/or self-satisfaction is an outcome 

expectancy for completing the problems accurately.   

Bandura (1986) explains two main ways that outcomes can be misconstrued. 

First, he specifies that an outcome is the result of an action, not an action itself. In the 

previous example, solving the long division problems cannot be construed as an 
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outcome, because the action must be defined by criteria that state what it is. If the act is 

solving long division problems, then solving the problems is the fulfillment of the act, not 

a consequence of the act. Second, Bandura (1986) points out that effective techniques 

have at times been misinterpreted as outcome expectancies (Maddux, Sherer, & Roger, 

1982; Manning & Wright, 1983). Bandura (1986) emphasizes “Means are not results. An 

efficacious technique is a means for producing outcomes, but it is not itself an outcome 

expectation” (p. 392). To revisit the previous example, an efficient algorithm for solving 

long division problems can have a variety of outcomes, but it is not an outcome in and 

of itself.   

Bandura (1986) also discusses how outcome expectations are dependent upon 

judgments about performance efficacy. Outcomes are not detached from actions; 

instead, outcomes arise from actions. He states that because outcome expectancies 

are dependent upon efficacy judgments, outcome expectancies may add little to the 

prediction of behavior. He cites several studies that indicate perceived self-efficacy is a 

much better predictor of behavior than outcome expectancies (Barling & Abel, 1983; 

Barling & Beattie, 1983; Godding & Glascow, 1985; Lee, 1984a, 1984b; Manning & 

Wright, 1983; Williams & Watson, 1985). 

 Bandura (1977b, 1997) deliberately distinguishes the differences between self-

efficacy as defined through social cognitive theory and ideas about efficacy that were 

attributed to Rotter’s (1966) locus of control construct. In the article that introduced the 

concept of self-efficacy as a part of social cognitive theory, Bandura (1977b) stated, 

“Rotter’s (1966) conceptual scheme is primarily concerned with causal beliefs about 

action-outcome contingencies rather than with personal efficacy” (p. 204). Bandura 
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emphasized that this distinction is important, because conviction that outcomes are 

determined by one’s actions can have a variety of effects on self-efficacy. For example, 

if a person believes that an outcome is within their control but perceives a lack of skill or 

ability to achieve that outcome, the effect on their self-efficacy will be negative. Bandura 

(1977b) noted that even though causal beliefs and self-efficacy are different 

phenomena, a person’s belief that a behavior is the result of skill or chance could 

mediate the effect of performance achievements on self-efficacy. 

 Bandura (1997) outlines further distinctions between his theory of self-efficacy 

and Rotter’s (1966) theory. He disagrees with the premise that perceived self-efficacy 

and locus of control are the same concept which differ only in the level at which they are 

measured. He emphatically states “beliefs about whether one can produce certain 

actions (perceived self-efficacy) cannot, by any stretch of the imagination, be 

considered the same as beliefs about whether actions affect outcomes (locus of 

control)” (p. 20). Bandura (1997) reminds his readers that locus of control (Rotter, 1966) 

is primarily concerned with a person’s causal beliefs about the connection between 

actions and results, not personal efficacy. He contrasts this with the causal relationship 

between self-efficacy beliefs and outcome expectations. A person’s perceived self-

efficacy is an assessment of ability to organize and execute a performance, while an 

outcome expectation is an assessment of the probable consequences that 

performances will generate.       

Teacher Efficacy: A Confused Construct?  

 The distinction between conceptions of teacher efficacy as attributed to Rotter’s 

(1966) locus of control construct and Bandura’s (1977b) self-efficacy construct is 
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important for understanding the persistent controversy surrounding the concept of 

teacher efficacy. This confusion began with the development of a widely used teacher 

efficacy instrument, the Teacher Efficacy Scale (TES) (Gibson & Dembo, 1984). 

   Spurred by studies that indicated the importance of studying teacher efficacy, 

but frustrated with a lack of agreement on how the teacher efficacy construct should be 

conceptualized and measured, Gibson and Dembo (1984) developed the TES. Gibson 

and Dembo devised this 30-item instrument to measure teacher efficacy, provide 

construct validation, and serve as a way to examine the relationship between teacher 

efficacy and teacher behaviors. In the introduction to their study, Gibson and Dembo 

(1984) cite several studies that found significant relationships between teacher efficacy 

and a variety of positive outcomes in schools. Some of these studies were from the 

Rotter (1966) tradition (e.g. Armor et al., 1976; Berman et al., 1977) while other 

proposed models based on Bandura’s (1977b) model (e.g. Ashton & Webb, 1981; 

Denham & Michael, 1981).   

 To make the connection between Rotter’s (1966) locus of control construct and 

Bandura’s (1977b) self-efficacy construct, Gibson and Dembo (1984) connected 

passages from two different parts of Bandura’s (1977b) paper. They combined the 

aforementioned section of Bandura’s (1977b) paper where Bandura describes the 

difference between his self-efficacy construct and Rotter’s (1966) locus of control 

construct with a section at the beginning of the paper where Bandura (1977b) defines 

the difference between efficacy expectations and response-outcome expectancies. 

Gibson and Dembo (1984) then applied Bandura’s (1977b) self-efficacy construct to the 

concept of teacher efficacy. Gibson and Dembo (1984) describe Bandura’s (1977b) 
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outcome expectancy as the degree of control teachers believed they had over external 

factors (e.g. family background, IQ, school conditions). Self-efficacy beliefs were 

described as “teachers’ evaluation of their abilities to bring about positive student 

change” (Gibson & Dembo, 1984, p. 570) or internal control.    

 In order to measure the two components (self-efficacy and outcome expectancy) 

posited to exist in the teacher efficacy construct, the TES contains two factors (or 

subscales) (Gibson & Dembo, 1984). The first factor measures a teacher’s personal 

teaching efficacy. Gibson and Dembo argued that items in this section of the scale 

corresponded to the RAND Item 2-“If I try really hard, I can get through to even the most 

difficult or unmotivated students” (Armor et al., 1976, p. 23) and Bandura’s (1977b) self-

efficacy dimension. Gibson and Dembo named this factor personal teaching efficacy 

(PTE). The second factor measures a teacher’s beliefs “about the general relationship 

between teaching and learning” (Gibson & Dembo, 1984, p. 574). The items in this 

section were based on the RAND Item 1-“When it comes right down to it, a teacher 

really can’t do much (because) most of a student’s motivation and performance 

depends on his or her home environment” (Armor et al., 1976, p. 23). Gibson and 

Dembo (1984) state “This second factor clearly corresponds to Bandura’s outcome 

expectancy dimension” (p. 574). Gibson and Dembo named this factor general teaching 

efficacy (GTE).     

 The TES quickly became the instrument of choice for teacher efficacy studies. 

Teacher efficacy was correlated to many effective teaching practices and teacher 

behaviors using this instrument. Gibson and Dembo (1984) found evidence to support 

the idea that efficacious teachers will expend more effort and persevere longer when 
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faced with obstacles. Another teacher behavior associated with high efficacy is a 

greater commitment to teaching by in-service teachers (Coladarci, 1992) and pre-

service teachers (Evans & Trimble, 1986). Other significant teacher behaviors 

correlated to highly efficacious teachers include fewer referrals of low SES students to 

special education (Meijer & Foster, 1988; Podell & Soodak, 1993; Soodak & Podell, 

1993), willingness to experiment with teaching methods and instructional materials or try 

new teaching methods (Allinder, 1994; Guskey, 1988; Stein & Wang, 1988). 

Furthermore, teacher efficacy has been shown to be predictive of student achievement 

on the Canadian Achievement Tests (Anderson, Greene, & Loewen, 1988), the Iowa 

Test of Basic Skills (Moore & Esselman, 1992), and the Ontario Assessment Instrument 

Pool (Ross, 1992). Teacher efficacy has also been correlated to higher student 

achievement in urban, rural, majority Black, and majority White schools (Watson, 1991).  

 The results of the previously mentioned studies highlight why teacher efficacy 

emerged as an important construct to study in educational research. Woolfolk and Hoy 

(1990) noted that teachers’ sense of efficacy is one of the few characteristics of 

teachers that has been consistently linked to students’ behavior and learning. Despite 

the evidence of the importance of teacher efficacy as a determinant of teacher behavior, 

questions remain about the structure of the teacher efficacy construct.   

The construct validity of the TES is an area of concern for efficacy researchers. 

As noted in the discussion above, the TES contains elements of two theoretical 

constructs: locus of control and self-efficacy. Guskey and Passaro (1994) noticed a 

peculiar feature in the items of the TES and variations of the instrument used in 

previous research. The questions on the personal efficacy subscale all used the referent 
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“I,” were all positively worded, and all reflected an internal locus of control orientation 

(i.e. “I can”). The questions on the general efficacy subscale all used the referent 

“teachers,” were all negatively worded, and all reflected an external locus of control 

orientation (i.e. “Teachers cannot”).   

In order to clarify what the two factors in the TES actually measured, Guskey and 

Passaro (1994) reworded items to reflect one of four orientations: personal-internal (PI), 

personal-external (PE), teacher-internal (TI), or teacher-external (TE). Both subscales 

(personal teaching efficacy and general teaching efficacy) were split approximately in 

half and the questions were reworded to include both internally and externally worded 

items. The results of their analysis showed that the scales loaded on internal and 

external factors as opposed to the hypothesized personal teaching efficacy and general 

teaching efficacy factors. Guskey and Passaro argued that this reflected an orientation 

similar to locus of control (Rotter, 1966) and causal attribution (Weiner, 1974, 1979). 

However, Guskey and Passaro also note internal versus external orientation are on 

opposite ends of one continuum (Weiner, 1974), while the results of their study 

indicated the presence of two distinct factors that were modestly correlated.  

In 1995, Colardarci and Fink conducted a study to examine the correlations 

between several teacher efficacy instruments and the factors that these instruments 

measured. The present study used the original RAND items (Armor et al., 1976; 

Berman et al., 1977), the TES (Gibson & Dembo, 1984), the Teacher Locus of Control 

(Rose & Medway, 1981), and the Responsibility for Student Achievement (Guskey, 

1981). An examination of the total correlations values (range .47 to .64) between scales 

suggested that the scales were measuring related constructs. However, an examination 
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of the subscale correlations was not so clear. Of particular interest was the correlation 

between RAND 1 (general) and the GTE subscale (r = .53) and RAND 2 (personal) and 

the PTE subscale (r = .41). Coladarci and Fink (1995) observed that these correlations 

were weaker than expected.  

Teacher efficacy research has consistently supported the conceptualization of 

teacher efficacy as a construct with two dimensions. Researchers generally agree that 

the first factor of efficacy, personal teaching efficacy (PTE), relates to an individual’s 

perception of their capability as a teacher. There is, however, considerable 

disagreement about exactly what the second factor, general teaching efficacy (GTE), is, 

and what it measures. In the development of the Science Teaching Efficacy Beliefs 

Instrument (discussed at length below), Enochs and Riggs (1990) named the second 

factor of their scale Science Teaching Outcome Expectancy (STOE). They argued items 

in this portion of the scale reflected the outcome expectancy component of Bandura’s 

(1977b) self-efficacy theory. This premise, supported by other researchers (Ashton et 

al., 1982; Gibson & Dembo, 1984; Soodak & Podell, 1996), posited that what teachers 

in general might accomplish in given situations was the outcome expectation that 

individual teachers would have about their own teaching.  

Several researchers disagree with this line of reasoning. Woolfolk and Hoy 

(1990) point out that Bandura (1986) notes “the type of outcomes people anticipate 

depend largely on their judgments of how well they will perform in a given situation” (p. 

392). Woolfolk and Hoy (1990) argue that RAND Item 1 (general) is really an efficacy 

expectation about what a teacher could possibly do, and not an outcome expectation as 

hypothesized by Gibson and Dembo (1984). While Woolfolk and Hoy (1990) leave the 
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description of the second factor open, other researchers proposed alternative names for 

the factor. Emmer and Hickman (1990) suggested “external influences,” which is 

suggestive of Rotter’s (1966) external component of control. The findings of Guskey and 

Passaro (1994) support the idea of “elements that lie outside the classroom and, hence, 

may be beyond the direct control of teachers” (p. 639, emphasis in the original). Both 

Woolfolk and Hoy (1990) and Guskey and Passaro (1994) call for continued research to 

clarify the meaning and measure of the second factor of teacher efficacy.      

In his article detailing the history of teacher efficacy research, Henson (2002) 

argues that three overlooked areas in teacher efficacy research warrant further 

exploration. First, he notes that the four sources of efficacy information noted by 

Bandura (1977b) are often disregarded in teacher efficacy research. Second, he notes 

that advanced methodologies such as confirmatory factor analysis (CFA) would enable 

researchers to study the structure of scores obtained from efficacy instruments. Finally, 

he argues that teacher efficacy research needs to move beyond correlational research 

and explore experimental designs and longitudinal studies that allow for a more in-depth 

understanding of this important construct. As will be noted in later sections of the 

literature review, several of Henson’s recommendations are incorporated into the 

present study.   

 This review of the theoretical foundations of teacher efficacy is not intended to be 

exhaustive. Rather, it provides the background in teacher efficacy research needed to 

discuss the development of instruments to measure pre-service mathematics and 

science teacher efficacy. Teacher efficacy research separated into two main strands 

after studies critical of the TES appeared. Based on Bandura’s (1981) premise that 
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efficacy is context specific, one strand began to emphasize the creation of content 

specific instruments to measure teacher efficacy. Most of these instruments were 

developed using the TES as a model. This strand of subject specific efficacy research 

also simultaneously explored pre-service teacher efficacy. This is the strand of teacher 

efficacy research reviewed in the next section of the literature review. A second strand 

of research has focused on what teacher efficacy is and how the construct is measured. 

This strand of research developed from the debate among efficacy researchers about 

the construct validity of teacher efficacy briefly described above. This strand of research 

includes the development of several newer instruments to measure general teaching 

efficacy and explores related constructs such as collective teacher efficacy. Interested 

readers are directed to Henson (2002) and Tschannen-Moran, Woolfolk-Hoy, and Hoy 

(1998) for a more detailed exploration of this branch of teacher efficacy research.       

Pre-service Teacher Efficacy and the Development of  
Content Specific Efficacy Instruments 

 
 This section of the literature review will focus on three main areas: (1) research 

related to pre-service teacher efficacy, (2) historical development of instruments to 

measure pre-service science and mathematics teaching efficacy, and (3) studies that 

have utilized these instruments to measure pre-service teacher efficacy in science and 

mathematics.   

Pre-service Teacher Efficacy 

 As indicated at the end of the previous section, the strand of teacher efficacy 

research that focused on content specific teacher efficacy has simultaneously focused 

on pre-service teacher efficacy. Thus, it is important to review the literature as it relates 

to pre-service teacher efficacy. 
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 Several important correlations between pre-service teacher efficacy and teaching 

practices have been discovered. One of the most compelling reasons that researchers 

have focused on pre-service teacher efficacy is because efficacy of pre-service 

teachers has been demonstrated to be more malleable than the efficacy beliefs of in-

service teachers (Anderson et al., 1988; Housego, 1992; Hoy & Woolfolk, 1990; 

Ohmart, 1992; Tschannen-Moran et al., 1998). These findings corroborate Bandura’s 

(1977) hypothesis that early learning experiences would have the greatest impact on 

changes in efficacy. When examining correlations to the four sources of efficacy, 

vicarious learning experiences and social persuasion influence general teaching 

efficacy changes (Watters & Ginns, 1995). These opportunities typically occur during 

college coursework. Actual teaching experiences during the student teaching 

experience influence personal teaching efficacy changes (Housego, 1992; Hoy & 

Woolfolk, 1990).   

 Particular pre-service teacher behaviors have been correlated to one or both of 

the TES factors (PTE and GTE). In the area of pupil control orientation (custodial versus 

humanistic control) as measured by the Pupil Control Ideology form (Willower, Eidell, & 

Hoy, 1967), pre-service teachers with high PTE and GTE scores were more humanistic 

in their  control orientation as compared to pre-service teachers with high GTE and low 

PTE scores or low scores on both measures (Woolfolk & Hoy, 1990). Pre-service 

teachers with a control orientation were more likely to have a negative attitude regarding 

student motivation and rely on strict classroom rules, external incentives, and 

punishment to induce students to study. When assessed by their supervisors, pre-

service teachers with high PTE scores were rated more positively on lesson 
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implementation, classroom control, and questioning strategies than those with lower 

PTE scores (Saklofske, Michaluk, & Randhawa, 1988). A decline in general teaching 

efficacy scores can result from student teaching, suggesting that the realities and 

complexities of the actual classroom challenge the optimism present during the 

coursework phase (Hoy & Woolfolk, 1990; Spector, 1990). These struggles can lead to 

a lowering of standards by teacher candidates, as a self-protective means of reducing 

the gap between self-perceptions of teaching abilities and standards of teaching 

excellence (Weinstein, 1998). These findings underscore the influential nature of the 

teacher preparation process on the efficacy of pre-service teachers. 

 Along with an emphasis on pre-service teacher efficacy, researchers in this 

strand of efficacy research followed Bandura’s (1997) suggestion that efficacy was 

context specific and that it needed to be measured at the appropriate level of specificity. 

This led to the development of content specific efficacy measures. The instruments 

developed to measure teacher efficacy in science and mathematics are reviewed below. 

Science Teaching Efficacy Instruments 

 The most commonly used instrument to measure pre-service teacher efficacy in 

science is the Science Teaching Efficacy Beliefs Instrument, Form B (Enochs & Riggs, 

1990), commonly referred to as the STEBI-B in the literature. The STEBI-B contains 23 

items and has its direct origin in the Science Teaching Efficacy Beliefs Instrument 

(Riggs, 1988). This instrument is now commonly referred to as the STEBI-A. The 

STEBI-A was developed by Riggs (1988) to measure the efficacy of in-service 

elementary teachers. The 25-item instrument contains two subscales: (1) the Personal 

Science Teaching Efficacy (PSTE) scale, and (2) the Science Teaching Outcome 
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Expectancy (STOE) scale. These two subscales are based on Bandura’s (1977b) 

concepts of self-efficacy and outcome expectancy as interpreted by Gibson and Dembo 

(1984) in the development of the Teacher Efficacy Scale (TES). The PSTE scale 

correlates to the PTE component of the TES, while the STOE correlates to the GTE 

component of the TES. In a study to reexamine the validity of the STEBI-B, Bleicher 

(2004) used factor analysis to confirm the two-factor structure of the STEBI-B.   

 Other instruments have been developed to measure aspects of teacher efficacy 

in science. One instrument is the Self-Efficacy Teaching and Knowledge Instrument for 

Science Teachers (SETAKIST) (Roberts & Henson, 2000). The SETAKIST was 

developed in an attempt to address some of the aforementioned issues related to TES. 

In addition, Roberts and Henson (2000) expressed concerns about the outcome 

expectancy component of the STEBI-B. The SETAKIST also has two components; a 

self-efficacy component [consistent with Bandura’s (1977b) social cognitive theory] and 

a knowledge efficacy component based on the pedagogical content knowledge 

construct developed by Shulman (1986). 

 Another instrument, Teaching Science as Inquiry (TSI) (Smolleck, Zembal-Saul, 

& Yoder, 2006) was developed to measure pre-service teachers’ efficacy in teaching 

science in inquiry. Teaching science as inquiry is a crucial element in achieving the 

reforms envisioned by the National Science Education Standards (NSES). While 

Smolleck, Zembal-Saul, and Yoder (2006) were satisfied with the reliability and validity 

of the STEBI-B, they were concerned that it did not adequately measure a pre-service 

teacher’s self-efficacy beliefs concerning teaching science as inquiry.   
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 While both the SETAKIST and TSI instruments address important issues related 

to the measurement of pre-service science teacher efficacy and showed considerable 

promise during development, neither of these instruments have been consistently used 

in science education research. This review of literature did not reveal any examples of 

studies that utilized either the SETAKIST or the TSI. As a result, the STEBI-B was 

chosen as the instrument to measure science teaching efficacy in the present study. 

 As mentioned previously, the STEBI-B has been utilized in numerous studies of 

pre-service teacher efficacy in science (e.g., Bleicher, 2004; Enochs, Sharmann, & 

Riggs, 1995; Riggs, 1991; Riggs & Jesunathadas, 1993). The STEBI-B was also 

influential in the development of an instrument to measure pre-service teacher efficacy 

in mathematics. 

Mathematics Teaching Efficacy Instruments 

 Utilizing the STEBI-B as a starting point, the Mathematics Teaching Efficacy 

Beliefs Instrument (MTEBI) (Enochs, Smith, & Huinker, 2000; Huinker & Enochs, 1995) 

was developed to measure pre-service teacher efficacy in mathematics. The MTEBI 

contains 21 items and maintains the two subscale structure of self-efficacy and outcome 

expectancy found in the STEBI-B. In most of the MTEBI items, the term mathematics 

replaces the term science. In addition, three items were rephrased to reflect the 

nuances between using hands-on activities in the science classroom and the 

mathematics classroom. For clarity, these items are included below: 

(1) I will not be effective in monitoring science experiments (STEBI-B) 

       I will not be effective in monitoring mathematics activities (MTEBI) 
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(2) I will find it difficult to explain to science students why science experiments 

work (STEBI-B) 

I will find it difficult to use manipulatives to explain to students why 

mathematics works (MTEBI) 

(3) I know the steps necessary to teach science concepts effectively. (STEBI-B) 

I know how to teach mathematics concepts effectively. (MTEBI) 

The MTEBI was the only instrument that measures mathematics teaching efficacy 

located in the course of this literature review. Despite the fact that there was not another 

option to consider, the parallel structure of the MTEBI to the STEBI-B makes the MTEBI 

a practical choice for the present study. In addition, Enochs, Smith, and Huinker (2000) 

confirmed the two–factor structure of the MTEBI in a study that utilized the confirmatory 

factor analysis approach advocated by Henson (2002). 

 The STEBI-B and MTEBI were the instruments chosen to measure pre-service 

teacher efficacy in the present study. The focus of the literature review now turns to a 

review of studies that have utilized these instruments.  

Studies of Science and Mathematics Teaching Efficacy 

 There are two main categories of studies utilizing the STEBI-B and the MTEBI. 

The first category of studies reviewed used either the STEBI-B or the MTEBI to 

measure growth in pre-service teacher efficacy over a seminal preparation phase, such 

as a methods course or student teaching. The second category includes studies that 

utilized both instruments to measure growth in pre-service teacher efficacy. An 

examination of several of these studies was conducted to highlight significant findings. 

As suggested by Onwuegbuzie and Daniel (2002), details about the use of these scales 
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are included in the review of each study. These details include whether or not Cronbach 

alphas values were reported and other modifications made to the instruments. This 

section concludes with a comparison of the methodologies used in these studies and 

the methodology used in the present study. 

Science Teaching Efficacy Studies 

As developers of the STEBI-B, Riggs and Enochs have conducted a number of 

studies examining pre-service teacher science efficacy. Results of several of these 

studies (Enochs, Scharmann, & Riggs, 1995; Riggs, 1995; Riggs et al., 1994; Riggs & 

Jesunathadas, 1993) were reported in the Tschannen-Moran, Hoy, and Hoy’s (1998) 

review of teacher efficacy research, but only the Enochs, Scharmann, and Riggs (1995) 

study was available for review.   

The purpose of the Enochs et al., (1995) study was to investigate the relationship 

between pre-service teacher efficacy in science and the pupil control construct. The 

study population consisted of 73 pre-service elementary teachers (65 female, 8 male), 

who were completing their final semester of coursework prior to student teaching. 

Participants completed the STEBI-B (Enochs & Riggs, 1990) and PCI (Willower, Eidell, 

& Hoy, 1967). Cronbach alpha values for the STEBI-B were 0.85 for the PSTE and 0.76 

for the STOE. In addition, participants were given a 3-item questionnaire related to 

future science teaching. The participants were asked to indicate the degree to which 

they would (1) choose to teach science to their own students if given a choice, (2) how 

they would spend their time teaching science, and (3) how they viewed their personal 

effectiveness as a science teacher. Findings indicate that pre-service teachers with a 

higher sense of teaching efficacy were more likely to have a humanistic approach to 
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classroom control. Analysis revealed statistically significant correlations between 

personal efficacy and several other variables. Statistically significant negative 

correlations were found between efficacy (PSTE) and (1) the number of college science 

courses taken (r = -0.24, p < .05) and (2) the number of years of science coursework in 

high school (r = -0.22, p < .05). Statistically significant positive correlations were found 

between efficacy (PSTE) and (1) the respondent’s choice science instructional 

methodology (r = 0.61, p < .001) and (2) the respondent’s perceived effectiveness in 

teaching science (r = 0.51, p < .001). The only variable found to be statically 

significantly correlated with outcome expectancy (STOE) was perceived effectiveness in 

science teaching (r = 0.28, p < .01). Enochs et al., concluded that further research is 

needed to understand the practical significance of these findings. 

In one of the earliest studies on science teacher efficacy, Riggs (1991) explored 

the effect of gender on the efficacy of in-service (n = 331, 88% female) and pre-service 

teachers (n = 210, 87% female). The in-service teachers took the 25-item version 

(STEBI-A) and the pre-service teachers took the 23-item version (STEBI-B) of the scale. 

Cronbach alpha scores for the STEBI subscales were not reported. T-tests to compare 

means differences between subscale score by gender were computed for each group of 

teachers. In both in-service and pre-service teachers, males were found to have 

statistically significantly higher PSTE scores than female teachers (t = 2.19, p < .05 and 

t = 2.32, p < .05, in-service and pre-service, respectively). STOE scores were 

essentially equal for both males and females in each group of teachers (t = 0.69 and t = 

0.03, in-service and pre-service, respectively). Riggs encouraged the completion of 
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additional studies to explore the causes of and potential remedies for the self-efficacy 

gap between genders. 

 Ginns and Watters (1990) reported on a longitudinal study (18 months) involving 

72 undergraduates (86% female) in a pre-service degree program at a large Australian 

university. Data collected in this mixed methods study included: (1) pre- and post- 

STEBI-B scores, (2) grades from coursework, and (3) semi-structured interviews with a 

small sub-set of the participants. Cronbach alpha scores for the STEBI subscales were 

not reported. Results from the STEBI-B pretest scores revealed three clusters of scores. 

Ginns and Watters categorized these groups as low, medium, and high efficacy. Table 

2.1 presents the pre-test mean scores and the cut scores utilized to describe the 

groups. Ginns and Watters did not report if statistical analyses were conducted to 

determine if the efficacy classes were empirically different from each other. 

Table 2.1  
 
Pre-Test PSTE and STOE Group Means and Grouping Scores (Ginns and Watters, 
1990) 
 
 PSTE  STOE 

Level n Mean (SD) 
Cut 

Score 
 

n Mean (SD) 
Cut 

Score 
Low Score 11 37.1   (2.6) < 40  12    25.3    (*) < 30 
Medium Score 49 45.4   (2.8) 40-50  50 33.9   (2.4) 30-37 
High Score 10 52.2   (1.8) > 50  10 41.2   (3.3) > 37 
Whole Group 70 45.1   (5.0)   72 33.5   (5.1)  
Note: * value was illegible on original document 
 

No statistically significant difference was found between the pre and post PSTE 

scores for the whole group. However, a statistically significant difference (t = -2.1, p = 

0.04) was found between the mean pre- and post- STOE scores for the whole group. In 

addition, cluster analysis revealed a lack of uniformity in the direction and magnitude of 

change in individual scores. Analysis did not reveal statistically significant correlations 
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between the efficacy scores and course grades. Interview data revealed that many 

students (1) had negative science experiences in their elementary and/or secondary 

schooling, and (2) had received little opportunity for hands-on exploration in science.   

In a three-year study with 366 pre-service teachers in four cohorts (3 

undergraduate and 1 post-baccalaureate cohort), Watters and Ginns (1995) used a 

mixed methods approach to examine changes in pre-service teacher science efficacy. 

Quantitative measures utilized pre and post course scores on the STEBI-B for all 

participants, as well as other measures for various cohorts [Constructivist Learning 

Environment Scale (Taylor, Fraser & White, 1994); Test Of Science Related Attitudes 

(Fraser, 1981); Action-Control Scale (Kuhl, 1985)]. Only the post baccalaureate group 

had a statistically significant change in PSTE scores (t -7.03, p < 0.05). Two of the 

undergraduate groups exhibited statically significant changes in STOE scores (t -2.11 

and 2.2, p < 0.05). Cronbach alpha values for the STEBI-B were not reported. 

Qualitative analysis methods consisted of pre and post course interviews of 60 students 

who were selected based on extreme PSTE or STOE scores or because their scores 

changed dramatically over the course of the semester.   

Based on the combination of quantitative and qualitative findings, Watters and 

Ginns (1995) made several assertions related to high or low efficacy scores. These 

assertions made connections between changes in efficacy scores and previous school 

experiences (particularly secondary), affective quality of science experiences, 

collaborative science experiences, student motivation (internal and external), and 

experiences in working with children. While most of the participants had positive 

recollections of their elementary science experiences, most also had negative 
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experiences in their secondary science experiences. However, students with a score of 

50 or higher on the PSTE all had positive recollections of their high school science 

experiences. A positive attitude toward science was linked to meaningful, interesting 

activities in science, while negative attitudes where linked to a lack of classroom 

discussion, too much seat work, and uninteresting course content. Students who had an 

increase in PSTE scores benefitted from opportunities to discuss and explore science 

content in a safe environment. Students with higher PSTE scores were typically 

motivated by external factors, such as grades. However, many students with positive 

changes in PSTE scores exhibited both internal and external motivation. Finally, 

outcome expectancy changes were related to opportunities to work with children that 

allowed participants to develop the pedagogical content knowledge necessary to teach 

science. 

 A study by Bleicher (2004) was important for two reasons. First, he reestablished 

the reliability and validity of the STEBI-B using factor analysis. During this phase of the 

study, factor analysis revealed that two items on the STOE exhibited cross-loading 

(Question 10) and factor loadings (Questions 10 and 13) below the suggested minimum 

of 0.32 (Stevens, 1996). These two questions also had total-item correlations that were 

below the commonly accepted minimal standard (0.30) to be included in an instrument 

(Robinson, Shaver, & Wrightsman, 1991). Enochs, Smith, and Huinker (2000) 

eliminated these identical two items from the MTEBI for similar reasons. Bleicher (2004) 

found that these two items were qualitatively different from the rest of the items on the 

instrument because both items contained the word “some.” Interviews with participants 

indicated that the “some” made the items difficult to interpret. Bleicher deleted “some” 



 

38 

from the two items and retested the instrument. This second test showed that questions 

10 and 13 had acceptable factor loadings (0.64 and 0.68, respectively) and total-item 

correlations (0.53 and 0.47, respectively). Bleicher concluded that the two revised 

questions were valid to remain in the instrument. Cronbach alphas for the revised scale 

were 0.87 for the PMTE and 0.72 for the STOE. 

Second, Bleicher (2004) examined six background variables (age, gender, 

ethnicity, teaching experience, science courses taken, and previous school science 

experience) for correlation to the PSTE and the STOE. No correlations were found 

between age, ethnicity, and teaching experience and the two subscales. Gender was 

statistically significant (r = .25, p < 0.01), with males scoring higher on the PSTE than 

females. The number of college science courses taken was also statistically significant 

(r = .19, p < 0.01), with students who had taken 4-7 college science courses scoring 

higher on the PSTE than students who had taken 0-3 college science courses. Finally, a 

positive K-12 science experience was statistically significant (r = .31, p < 0.01), with 

students who reported this type of experience scoring higher on the PSTE than those 

who reported a negative K-12 experience. Bleicher did not find any background 

variables that correlated with the STOE. Bleicher argued that future studies should 

focus on two areas: (1) a more advanced examination of STEBI-B scores and (2) 

longitudinal studies that follow pre-service teachers into their early careers.  

Mathematics Teaching Efficacy Studies 

 As previously discussed, the MTEBI (Enochs, Smith, & Huinker, 2000; Huinker & 

Enochs, 1995) was developed from the STEBI-B. One potential difficulty in locating 

studies that utilized the MTEBI is that the instrument was not formally introduced in the 



 

39 

literature until 2000 (Enochs et al.), even though an informal version of the instrument 

was apparently in use in the 1990s. Steven and Wenner’s (1992) reference to the 

“customary alteration” of exchanging the term “mathematics” for “science” (p. 2) in order 

to create a mathematics efficacy instrument indicate that this practice was perhaps 

common. Studies of pre-service teachers’ mathematics efficacy may have been 

overlooked in the literature review, since a key search term utilized in the search for 

relevant literature was MTEBI.   

 Enochs et al. (2000) utilized confirmatory factor analysis (CFA) to establish the 

validity and reliability of the MTEBI. While this study did not make any correlations 

between MTEBI results and any pre-service teachers’ beliefs, behaviors, or background 

variables, it is still a valuable study for several reasons. First, the researchers utilized an 

advanced statistical methodology (CFA) to establish the construct validity of the 

instrument. Second, Enochs et al. provided a detailed description of the methodology 

used to validate the instrument, along with path diagrams. In addition to describing the 

procedures for validating the individual items for the scale, the authors reported 

Cronbach alphas of 0.88 for the PMTE and 0.75 for the MTOE. Finally, the authors 

provided a copy of the instrument and scoring procedures in the appendices. Reporting 

procedures and methods in a manner such as this will facilitate further research utilizing 

the MTEBI and allow for accurate comparison of findings across studies. 

 Gresham (2008) conducted a mixed methods study to explore the relationship 

between mathematics teaching efficacy and mathematics anxiety in pre-service 

teachers. One hundred fifty-six pre-service teachers participated in the study. All 

participants completed the MTEBI (Enochs et al., 2000) and the Mathematics Anxiety 
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Rating Scale (MARS) (Richardson & Suinn, 1972) in the quantitative portion of the 

study. Cronbach alpha values for the two scales were not reported. Findings indicated a 

statistically significant moderately negative correlation between the MTEBI and the 

MARS (r = -.48, p < 0.05). These scores indicated that pre-service teachers with high 

levels of mathematics anxiety had low confidence in their ability to teach math, while 

pre-service teachers with low levels of mathematics anxiety had high confidence in their 

ability to teach mathematics effectively. The qualitative component of the study 

consisted of interviews with the 10 participants with the highest level of mathematics 

anxiety and the 10 participants with the lowest level of mathematics anxiety. The 10 

participants with high mathematics anxiety all indicated a negative attitude toward 

mathematics. However, all of the interviewees indicated that classroom practices 

consistent with NCTM (2000) standards (use of manipulatives, use of problem-solving 

situations, and real world experiences) were important for the teaching and learning of 

mathematics.   

 Kahle (2008) conducted a mixed methods study that examined how mathematics 

self-efficacy and mathematics teaching self-efficacy are related to conceptually- and 

procedurally-oriented teaching practices. The study population consisted of 75 

practicing elementary teachers who taught math along with other subjects. All 

participants completed the Mathematics Teaching and Mathematics Self Efficacy 

(MTMSE) instrument for the quantitative portion of the study. In addition, 16 participants 

were interviewed in the qualitative portion of the study to assess similarities or 

differences in instructional methodologies when teaching mathematical topics that they 

are most and least confident in teaching. Kahle developed the MTMSE specifically for 
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the study in order to assess mathematics efficacy and mathematics teaching efficacy. 

This instrument was created from portions of the Mathematics Self-Efficacy Scale 

Revised (MSES-R) (Kranzler & Pajeres, 1997) and the PMTE portion of the MTEBI 

(Enochs et al., 2000). The Cronbach alpha for the PMTE portion of the MTMSE was 

0.86.   

Kahle (2008) reports several interesting findings. As expected, analysis showed 

a statistically significant correlation between mathematics self-efficacy (MSES-R) and 

mathematics teaching self-efficacy (r = .770, p < .01). Mathematics self-efficacy was 

typically stronger than mathematics teaching efficacy. Correlation between the two 

types of efficacies was much stronger for teachers whose favorite subject to teach was 

math (r = .80) as compared to teachers who stated that math was their least favorite 

subject to teach (r = .57). The correlation between mathematics self-efficacy and 

mathematics teaching efficacy also increased as the number of years of teaching 

experience increased (6-10 years, r = .76; 30+ years, r = .94), suggesting that 

mathematics teaching efficacy increases with experience. Finally, there was a moderate 

correlation between mathematics self-efficacy and mathematics teaching efficacy for 

participants with a propensity toward conceptually oriented teaching methods (r = .45 

and r = .41, respectively). This is in contrast to the negative correlations found between 

mathematics self-efficacy and mathematics teaching efficacy for participants with an 

orientation toward procedural oriented teaching methods (r = -.19 and r = -.27, 

respectively). In addition, there was a slightly negative correlation between conceptual 

and procedural orientation (r = -.24). Finally, analysis revealed that participants tended 

to use a conceptual approach when teaching mathematical topics that they were most 
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confident in teaching and a procedural approach when teaching a topic that they were 

least confident in teaching. 

Eddy and colleagues (Eddy, Easton-Brooks, Thompson, & Ward, 2008; Eddy, 

Easton-Brooks, & Ward, 2009) conducted an LCA study to assess the mathematics 

teaching efficacy of pre-service teachers at two different points in the teacher 

preparation process (beginning and middle of program).  

 The results from studies utilizing the STEBI and MTEBI have provided needed 

insight into the development of content-specific teaching efficacy in elementary 

teachers. The focus of this literature review now turns to studies that have examined 

both types of efficacy simultaneously. 

Science and Mathematics Teaching Efficacy Studies 

 Given the natural connections between science and mathematics, the current 

emphasis on science, technology, engineering, and mathematics (STEM) initiatives, 

and the fact that elementary teachers are most often required to teach both subjects, it 

was encouraging to find several studies that utilized both the STEBI and the MTEBI. In 

addition, these studies reviewed below represent some of the most current research 

related to teacher efficacy, since three studies were published within the last four years.   

 Wenner and Stevens (Stevens & Wenner, 1996; Wenner, 1993, 1995, 1996) 

conducted a series of studies examining the science and mathematics efficacy beliefs of 

pre-service and in-service teachers. Each of these studies, along with an article that 

summarizes the findings across all of the studies, is reviewed below (Wenner, 2001). 

The first study (Wenner, 1993) examined the relationship between science 

content knowledge and efficacy beliefs held by pre-service teachers. The study 
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population consisted of 167 (over 95% female, n not given) undergraduate students 

who were enrolled in an elementary science methods class. About 25% of the study 

population was described as a non-traditional group comprised mainly of women 

returning to college after a period of time in the work force or as a homemaker. 

Participants completed three measures: (1) a survey regarding high school and college 

course work, (2) the General Science Test, Level II (Australian Council for Educational 

Research, 1983) consisting of 30 items, and (3) a modified version of the STEBI. No 

explanation for the modifications to the STEBI was provided. A mean score of 14.89 

(SD = 4.64) was reported for the General Science Test, indicating a low level of science 

knowledge among the participants. No significant correlations were found between 

attitude toward teaching science (as measured by the STEBI) and high school or 

college coursework. Statistically significant negative correlations were found between 

attitude toward teaching science and knowledge (r = -.27, p < .01) and high school 

coursework and knowledge (r = -.24, p < .01). A statistically significant positive 

correlation was found between science coursework and knowledge (r = .33, p < .01). 

Wenner (1995) also conducted a second, smaller follow-up study (n = 67), using the 

same instruments and analyses listed above. The only statistically significant finding in 

the follow-up study was a correlation between science knowledge and high school 

coursework (r = .34, p < .01). Based on the findings of the two studies, Wenner 

recommended that science methods courses should emphasize science at the 

conceptual level and the integration of science content and science methods courses. 

The third study (Stevens & Wenner, 1996) extended the first study by 

investigating the science and mathematics content knowledge and efficacy beliefs of 
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pre-service teachers. The study population consisted of 67 undergraduates enrolled in 

an elementary science and mathematics methods course. Participants completed three 

measures: (1) a science and mathematics content knowledge measure consisting of 30 

items from the General Science Test, Level II (Australian Council for Educational 

Research, 1983) (α = 0.74) and 30 items from the National Assessment for Educational 

Progress (Grade 11, 1986; Grade 12, 1990) (α = 0.71), (2)  the STEBI (Riggs & Enochs, 

1990) and a mathematics version of the scale using the “customary alteration” (Stevens 

& Wenner, 1996, p. 2) of exchanging the term “mathematics” for “science,” and (3) a 

survey regarding high school and college coursework.  Reported Cronbach alphas for 

the STEBI-B and the mathematics counterpart were 0.92 and 0.87, respectively. A 

mean score of 15.03 (SD = 4.64) was reported for science knowledge and a mean 

score of 20.87 (SD = 4.79), indicating a low level of science and mathematics 

knowledge among the participants. A statistically significant correlation between science 

knowledge and high coursework (r = .34, p < .01) was reported. No statistically 

significant correlations were found between: (1) science knowledge and college 

coursework (r = not given), (2) mathematics knowledge and high school coursework (r = 

.17) or college coursework (r = -.18), (3) beliefs about teaching science and high school 

coursework (r = -.13) or college coursework (r = -.04), and (4) beliefs about teaching 

mathematics and high school coursework (r = -.09) or college coursework (r = .07). 

Analysis of individual items from the STEBI and the mathematics equivalent indicated 

that pre-service teachers were fairly confident in their abilities to effectively teach 

science and mathematics despite low scores on the content knowledge assessment 

instrument utilized in the study.   
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 Wenner (2001) presents a summary of findings from three studies examining the 

science and mathematics efficacy beliefs of pre-service and in-service teachers. Two of 

the studies (Stevens & Wenner, 1996; Wenner, 1993) are reviewed above. Results from 

a third study with in-service teachers are discussed (Wenner, 1996), but a citation of the 

study is not provided in the reference list. Wenner (2001) discusses how the data was 

analyzed across the studies. He notes that each of the three studies used a 20-item 

version of the STEBI and the equivalent mathematics version (studies 2 and 3) to 

measure teacher efficacy. No rationale is provided for abbreviating the STEBI or the 

mathematical counterpart. Cronbach alpha values were provided for the total STEBI 

scale for all three studies (0.93, 0.92, and 0.86, respectively), but Cronbach alpha 

values were not reported for the MTEBI. Responses to each item of the science and 

mathematics efficacy instruments were examined and the percentage of pre-service 

and in-service teachers who agreed with the items was calculated. Findings related to 

the personal efficacy and outcome expectancy portions of the scales are presented 

below. 

Results from the personal efficacy portion of the scales (Stevens & Wenner, 

1996; Wenner, 1993, 1996) indicate that in-service teachers are more efficacious than 

pre-service teachers in: (1) supporting skill and concept development in science (73% 

in-service; 19% pre-service) and mathematics (75% in-service; 27% pre-service), (2) 

teaching science (71% in-service; 58% pre-service)  and mathematics (76% in-service; 

70% pre-service) effectively, (3) monitoring hands-on science activities (76% in-service; 

34% pre-service) and the use of math manipulatives (85% in-service; 45% pre-service), 

and (4) turning children on to science (72% in-service; 44% pre-service) and 
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mathematics  (75% in-service; 49% pre-service).  Pre-service teachers felt more 

efficacious that in-service teachers in: (1) explaining science (58% in-service; 79% pre-

service) and mathematics strategies (62% in-service; 79% pre-service) and (2) 

welcoming student questions in science (33% in-service; 93% pre-service) and 

mathematics (93% in-service; 97% pre-service). Neither group of teachers was 

especially confident in their ability to answer student questions correctly in science (69% 

in-service; 32% pre-service) or mathematics (82% in-service; 51% pre-service).  

Results from the outcome expectancy portion of the scales (Stevens & Wenner, 

1996; Wenner, 1993, 1996) indicate that in-service and pre-service teachers hold 

similar views concerning student achievement in science and mathematics. Between 

two-thirds and three-fourths of each group agreed that: (1) student achievement in 

science (58% in-service; 59% pre-service) and mathematics (66% in-service; 60% pre-

service) is directly related to teacher effectiveness, (2) the teacher is generally 

responsible for student achievement in science (62% in-service; 54% pre-service) and 

mathematics (63% in-service; 62% pre-service), and (3) improvement in student 

science (72% in-service; 61% pre-service) and mathematics (73% in-service; 63% pre-

service) grades is due to more effective teaching strategies.  A relatively large 

percentage of both groups believed that good teaching could overcome inadequate 

student background in science (60% in-service; 81% pre-service) and mathematics 

(64% in-service; 83% pre-service). However, only a small percentage of teachers in 

either group were willing to say that underachievement was due to ineffective science 

(32% in-service; 39% pre-service) or mathematics (34% in-service; 44% pre-service) 

instruction. Wenner concluded that science and mathematics teaching efficacy could be 
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increased by making teachers aware of the importance of efficacy, increasing content 

knowledge in teachers, and by providing support via mentoring and on-line 

communities. 

Utley, Moseley, and Bryant (2005) conducted a study to explore the relationship 

between the science teaching efficacy and mathematics teaching efficacy of pre-service 

teachers during the final year of their teacher preparation. Participants were given the 

STEBI and the MTEBI three times over the course of the year (August, December, and 

May). The study began with 60 pre-service teachers, however, due to absences, only 

43 participants completed all three administrations of the STEBI-B (Enochs & Riggs, 

1990), and only 51 participants completed all three administrations of the MTEBI 

(Huinker & Enochs, 1995). Cronbach alpha values were reported for all subscales for 

each measurement occasion (PSTE α = 0.88, 0.91, 0.88; STOE α = 0.84, 0.64, 0.76; 

PMTE α = 0.84, 0.88, 0.89; STOE α = 0.78, 0.81, 0.82). Analysis revealed statistically 

significant correlations between the PSTE and the PMTE (r = .59, p < 0.01, r = .55, p < 

0.01, r = .60, p < 0.01), and statistically significant correlations between the STOE and 

the MTOE (r = .61, p < 0.01, r = .65, p < 0.01, r = .79, p < 0.01) at each measurement 

occasion in the study. In addition, a statistically significant quadratic trend was found for 

PSTE, PMTE, and MTOE scores over the course of the study (PMTE: F (1, 50) = 4.83, 

p = .03; MTOE: F(1, 50) = 6.93, p = .01;  PSTE: F(1, 50) = 6.98, p = .01). Mean scores 

for these subscales were lower at the beginning of the study as compared to the end of 

the study. However, mean scores were highest at the mid-point of the study (end of the 

methods course semester) and declined slightly by the end of student teaching. No 

significant changes were noted in the STOE over the course of the study. These 
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findings are in line with previous research that indicates that teacher efficacy increases 

as a result of methods coursework, and tends to decline during student teaching (Hoy & 

Woolfolk, 1990; Spector, 1990).  

  Bursal and Paznokas (2006) explored the relationship between mathematics 

anxiety and the mathematics teaching and science teaching efficacy beliefs of pre-

service teachers. Participants (n = 65, f = 54) completed the MARS (Richardson & 

Suinn, 1972), the MTEBI (Enochs et al., 2000), and the STEBI-B (Enochs & Riggs, 

1990). While participants completed the entire MARS scale, abbreviated versions (9 

items each) of the MTEBI and the STEBI-B were administered. The authors did not 

provide a rationale for abbreviating the efficacy scales. Participants were broken into 

three groups based on their MARS score. Participants scoring in the top 33% were 

considered high anxiety, participants scoring between 33% and 67% were considered 

moderate anxiety, and participants scoring in the bottom 33% of were considered low 

anxiety. Statistical analyses were not conducted to determine if these groups were 

empirically different from each other. General trends indicated a negative correlation 

between mathematics anxiety and teaching efficacy in mathematics and science. As the 

level of mathematics anxiety increased, the levels of efficacy on both measures 

decreased (math r = -.64; science r = -.42). In addition, a statistically significant 

correlation between the MTEBI and STEBI-B scores was reported (r = .55, p < .01).   

 Richardson and Ling (2008) conducted a study to assess the impact of a new 

two-part, inquiry-based course (Investigations in Mathematics and Science-IMS) on the 

efficacy beliefs of pre-service teachers. The researchers used the STEBI-B (Enochs & 

Riggs, 1990) and the mathematics equivalent to assess changes in pre-service teacher 
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efficacy at 3 time points of the 2-semester course (pre, end of first semester, and end of 

second semester). Cronbach alpha scores were reported for the PSTE and the STOE of 

0.87 and 0.73, respectively. Cronbach alpha scores for the mathematics version of the 

scale were reported for teacher efficacy (α = 0.91) and outcome expectancy (α = 0.80). 

However, the researchers do not report if the Cronbach alpha scores for the efficacy 

measure were averaged across all three measurement occasions, or the results of a 

particular administration. Results from repeated measure ANOVA indicated statistically 

significant improvements in self-efficacy for both science (F = 12.66, p < .01) and 

mathematics (F = 7.15, p < .01) over the course of the program. Change in outcome 

expectancy for mathematics was statistically significant over the course of the program 

(F = 9.10, p < .01), but science outcome expectancy (F = 3.06) did not reveal significant 

changes over the course of the program.   

 These studies all point to the significance of teacher efficacy as an important 

area of study for teacher education researchers. The focus of the literature review now 

shifts to a discussion of teacher attitudes and beliefs. These two psychological variables 

are hypothesized to serve as precursors to the formation of pre-service teacher efficacy 

in science and mathematics. 

Teacher Attitudes and Beliefs 

 The concept of attitude is considered one of the most important concepts in 

social psychology (Allport, 1967). However, the study of this concept has suffered from 

ambiguity due to the lack of an agreed upon definition of attitude. Fishbein and Ajzen 

(1975) formulated a theoretical framework for the study of attitude based on three types 

of variables (affect, cognition, and conation) that influence actual behavior toward an 
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object. Examples of objects include issues, events, abstractions, ideas, people, or 

groups (Shrigley, Koballa, & Simpson, (1988). As part of their work, Fishbein and Ajzen 

(1975) operationalized the variables presented in their theoretical framework. They 

theorized that affect is a learned response that explains a person’s consistent positive 

or negative feelings about a particular object; and that attitude falls into the affect 

category and can be described as a feeling of like or dislike toward an object. They also 

theorized that cognition is related to the facts or opinions that a person holds toward a 

particular object. Beliefs are formed based on the knowledge a person has about an 

object. A belief explains the relationship a person makes between an object and an 

attribute of that object. For example, the belief that “math consists of unrelated 

concepts” explains the relationship between the object (math) and the attribute 

(unrelated concepts). Lastly, they theorized that conation refers to a person’s intention 

to execute a behavior. Figure 2.2 presents a schematic representation of the theoretical 

framework proposed by Fishbein and Ajzen (1975). 

 

 

Figure 2.2. Schematic presentation of a conceptual framework relating beliefs, attitudes, 
intentions, and behaviors with respect to a given object. Solid lines denote influence and 
dotted lines denote feedback. 
 
 As indicated in Figure 2.2, beliefs and attitudes are conceptualized as distinct 

concepts. Fishbein and Ajzen (1975) theorized that these two concepts influence a 
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person’s intention to act and their actual behavior toward an object. However, they also 

theorized that attitudes and beliefs also have a reciprocal relationship with each other. 

Attitudes can affect the formation of new beliefs, as can actual behavior toward an 

object. This framework illustrates the dynamic relationship between attitudes, beliefs, 

intentions, and actual behavior.  

The theoretical framework presented by Fishbein and Ajzen (1975) makes a 

clear distinction between the concepts of attitude and belief. Shrigley et al. (1988) 

reinforce the importance of distinguishing the difference between attitudes and beliefs 

as predictors of behavior. Science and mathematics researchers have studied both of 

these concepts extensively. A review of research related to these concepts is presented 

below. 

Attitudes in Science and Mathematics 

 The importance of the affective domain in the teaching and learning of subjects 

has been emphasized by researchers for many years. Bloom (1976) discusses the 

importance of attitude in the development of subject-related affect and academic self-

concept. Science education has a long history of research exploring the complex 

relationship between attitude and the teaching and learning of science (Simpson, 

Koballa, Oliver, & Crawley, 1994). Bybee et al. (1989) argue that student attitude 

towards science is a foundation of the science curriculum. Science education theorists 

recognize the importance of the affective domain, and they argue that it is important for 

teachers to maintain a positive attitude toward the teaching of science and the learning 

of science for both themselves and their students (Coble & Koballa, 1996).   
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Mathematics education theorists have also stressed the importance of attitude in 

the teaching and learning of mathematics. Researchers have proposed that teacher 

attitudes toward mathematics influence mathematics teacher practices (Civil, 1990; 

Thompson, 1984, 1992). Pre-service teacher attitudes toward mathematics are a crucial 

component in their understanding of mathematics content and should be addressed in 

teacher preparation coursework (Ball, 1990a, 1990b). Meece, Eccles, and Wigfield 

(1990) determined that attitude toward mathematics is a predictor of a person’s intention 

to take future mathematics courses. Similar to the findings in science, mathematics 

education researchers have documented several ways that attitude affects the teaching 

and learning of mathematics.   

Beliefs in Science and Mathematics 

 Beliefs are also considered crucial to understanding teacher conceptions about 

the teaching and learning of science and mathematics (Brickhouse, 1989, 1990; 

Lederman, 1992; Lederman & Zeidler, 1987; Peterson, Fennema, Carpenter, & Loef, 

1989; Schoenfeld, 1985; Silver, 1985; Thompson, 1984). Since beliefs are mental 

constructs believed by an individual to be true (Fishbein & Ajzen, 1975; Green, 1971), it 

is important to understand how teacher beliefs affect teaching and learning. Richardson 

(1996) cites two key roles of beliefs in learning to teach: (1) the influence of beliefs on 

the views of teaching and learning held by teacher candidates, and (2) the influence of 

beliefs on the educational process. Several researchers (McGinnis, Kramer, Shama, 

Graeber, Parker, & Watanabe, 2002; Riggs & Enochs, 1990; Stevens & Wenner, 1996; 

Watters & Ginns, 1997) have argued that the first role of beliefs is especially important 

for teacher educators to understand.  
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 Science education researchers have explored a wide range of teacher beliefs 

about science. Researchers have investigated the impact of teacher beliefs on their 

understanding of the nature of science (Brickhouse, 1990; Lederman, 1992; Lederman 

& Zeidler, 1987) and philosophy of science (Brickhouse, 1989). Ryder, Leach, and 

Driver (1997) explored student images of three facets of the nature of science: (1) the 

correlation between scientific data and knowledge claims, (2) the process of scientific 

inquiry, and (3) the social aspect of science. Their findings indicate that explicit and 

implicit instruction in the nature of science is important to help students develop 

accurate beliefs about the role of these facets of the nature of science. According to 

these researchers, influencing pre-service teacher beliefs about the nature of science 

and the philosophy of science is an important part of the teacher preparation process.   

 Mathematics researchers have also explored various aspects of beliefs about 

mathematics. Thompson (1984) reported that conscious or unconscious beliefs, views, 

and preferences toward mathematics and the teaching of mathematics had a 

considerable role in shaping teachers instructional practices. Elementary teachers with 

a cognitively based perspective toward mathematics were more likely to use teaching 

strategies consistent with reform-based pedagogy (Peterson, Fennema, Carpenter, & 

Loef, 1989). Schoenfeld (1985) and Silver (1985) stress the importance of examining 

the role of teacher beliefs in the development of students’ problem solving skills. As with 

science, these researchers believe that the development of appropriate pre-service 

teacher beliefs toward mathematics is an important aspect of the teacher preparation 

process.  
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 While far from exhaustive, the review of research related to teacher attitudes and 

beliefs about the teaching and learning of science and mathematics is an important area 

of study for teacher education researchers. Since most elementary teachers are 

required to teach both science and mathematics, their attitudes and beliefs about these 

subject areas are important to understand. Given the high levels of anxiety that many 

pre-service elementary teachers have toward science and/or mathematics (Gresham, 

2008; Koch, 1993; Orlich, 1980), the present study sought to determine the impact of 

pre-service teacher attitudes and beliefs about the nature of and the teaching of science 

and mathematics on the development of their teaching efficacy of these subjects. Thus, 

it was necessary to find an instrument suitable for measuring pre-service teacher 

attitudes and beliefs toward science and mathematics. The instrument chosen for the 

present study is reviewed below.            

Mathematics and Science Attitudes and Beliefs Instrument 

 A search of the literature to locate an instrument that would be suitable to 

measure pre-service teacher attitudes and beliefs about science and mathematics 

revealed an instrument that was specifically designed for this purpose. Researchers 

working with the Maryland Collaborative for Teacher Preparation (MCTP) developed the 

Attitudes and Beliefs about the Nature of and the Teaching of Mathematics and Science 

(ABNTMS) instrument (McGinnis et al., 1997; McGinnis et al., 2002). The MCTP is a 

statewide, standards-based project funded through the National Science Foundation’s 

(NSF) Collaborative in Excellence in Teaching Preparation (CETP) program. The 

purpose of the MCTP program is to develop pre-service upper-elementary and middle 

school teachers into science and mathematics specialists. A major focus of the program 
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is to“(a) introduc[e] future teachers to standards-based models of mathematics and 

science instruction, and (b) provid[e] courses and field experiences that integrate 

mathematics and science” (McGinnis et al., 2002). In the required coursework, faculty 

endeavor to utilize instructional and assessment strategies consistent with the 

constructivist perspective found in the science and mathematics standards (Cobb, 1988; 

Driver, 1987; Driver, Asoko, Mortimer, & Scott, 1994; Tobin, Tippins, & Gallard, 1994, 

von Glaserfeld, 1989). 

 One goal of the project was to measure MCTP teacher-candidate growth toward 

reformed-based attitudes and beliefs about the nature of and the teaching of 

mathematics and science. After an extensive review of science and mathematics 

attitude and beliefs instruments (Germann, 1988; Jasalavich & Schafer, 1994; Moreira, 

1991, Pehkonen, 1994; Robitalille & Garden, 1989; Schoenfeld, 1989), the MCTP 

researchers (McGinnis et al., 1997; McGinnis et al., 2002) determined that no one 

existing instrument would provide the information needed, so they developed the 

ABNTMS.    

The multi-faceted nature of the MCTP project required an instrument that could 

measure several different constructs related to the learning of and the teaching 

mathematics and science. As explained previously, there is a qualitative difference 

between attitudes and beliefs. The MCTP researchers also felt that there is a qualitative 

difference between the attitudes and beliefs a person may hold about the nature of a 

subject (such as science or mathematics) and attitudes and beliefs about the teaching 

of that subject. Finally, the MCTP researchers wanted to gage teacher candidates’ 

attitudes towards using technology in the classroom. The result was an instrument 



 

56 

consisting of five subscales:  (1) Beliefs about the Nature of Mathematics and Science 

(BMS), (2) Attitudes toward Mathematics and Science (AMS), (3) Beliefs about the 

Teaching of Mathematics and Science (BTMS), (4) Attitudes toward Using Technology 

to teach Mathematics and Science using Technology (AUTMS), and (5) Attitudes 

toward Teaching Mathematics and Science (ATMS). This instrument has been used 

extensively with the MCTP project. The ABNTMS was selected as the instrument to 

measure pre-service teacher attitudes and beliefs about mathematics and science for 

the present study. 

Methodology 

The focus of the literature review now turns to a discussion comparing the 

methodologies of previous teacher efficacy studies to the methodology used in the 

present study. While a discussion of methodology usually occurs in Chapter 3 of a 

dissertation, it is warranted here for two main reasons. First, it is important to explore 

and address methodological issues and inconsistencies in teacher efficacy research 

uncovered in the course of the review of literature. Second, the present study utilizes a 

methodology not commonly used in teacher education research. A brief introduction to 

latent transition analysis (LTA), along with the rationale for using LTA in the present 

study is provided below.   

Methodological Issues and Inconsistencies in Previous Teacher Efficacy Research 

  There were several issues and inconsistencies in the teacher efficacy studies 

that were reviewed in preparation for the present study. These problem areas are 

detailed below. 
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 First, the teacher efficacy construct has often been conceptualized as a dual-

class construct (Gibson & Dembo, 1984). However, the composition of these classes 

has not been empirically defined in the literature. In most cases, scores are interpreted 

along a single continuum of scores, with teachers on the low end of scores classified as 

low efficacy and teachers on the high end of scores classified as high efficacy. The 

problem with this type of interpretation is that a researcher cannot be sure if the 

teachers in each group are truly two separate groups or if their scores represent 

extreme ends of a single group.  

In addition, with the exception of the Ginns and Watters (1990) study, none of the 

studies reviewed above provided a rationale for classifying efficacy scores as low or 

high efficacy. The categories proposed by Ginns and Watters presented in Table 1 were 

based on the results of a cluster analysis of the efficacy scores However, these clusters 

appear to be named based on rank order alone. In other words, Watters and Ginns 

named the cluster with the lowest range of scores low efficacy, the cluster with the 

middle range of scores medium efficacy, and the cluster with the high range of scores 

high efficacy. However, this method overlooks the fact that efficacy scores are based on 

item responses, and that the values assigned to these responses can be used to assign 

meaning to an efficacy score. The present study introduces a new classification method 

to categorize efficacy classes. This classification system uses the response choice 

value as a basis for the classification system. Chapter 4 presents a full description of 

the development of and the rationale for this classification method. 

A second problem was the inconsistent use of the STEBI-B and the MTEBI. The 

studies reviewed reported the use of one or both instruments; however, the reported 
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number of items on each scale ranged from 9-25. In studies where a shortened version 

of the scale(s) was used (i.e. Wenner, 2001), there was no rationale provided for the 

abbreviation of the scale. In addition, in studies where the scales were abbreviated, the 

items actually used in the study were not provided in a manner that would facilitate easy 

comparison to other studies. The inconsistent use of scales makes comparisons across 

studies difficult.   

A third problem deals with monitoring the long-term validity and reliability of the 

STEBI-B and the MTEBI. Henson (2002) argues that premature acceptance of the TES 

without the necessary validation of the instrument constructs has contributed to some of 

the issues with the scale. He notes that Gibson and Dembo (1984) called for the TES to 

be validated using CFA methodology. The process of repeated efforts to falsify a theory 

is a conventional method in theory development (Moss, 1995; Thompson & Daniel, 

1996). With the exception of the CFA study of the MTEBI (Enochs et al., 2000), 

validation of the teacher efficacy construct using CFA has not occurred. In addition, 

reporting of Cronbach alpha values varied across studies. In some studies, no values 

were reported, others reported a combined value for the total scale (STEBI-B or 

MTEBI), and/or the values for each subscale was reported. Given the issues with two 

items on the outcome expectancy portion of the scale (STOE or MTOE) (Bleicher, 2004; 

Enochs et al., 2000), it seems prudent to report Cronbach alpha scores by subscale in 

order to monitor the performance of the outcome expectancy scale over numerous 

studies. In addition, the validity of the outcome expectancy portion of the scale (STOE 

or MTOE) has continued unquestioned (with the exception of Bleicher, 2004 and 

Enochs et al., 2000). This is despite the fact that many studies (Bleicher, 2004; Enochs 
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& Riggs, 1990; Enochs et al., 1995; Richardson & Ling, 2008; Utley, Mosely, & Bryant, 

2005) report Cronbach alpha scores for these subscales below the standard of 0.80 

suggested by Nunnally (1978) for general research. In fact, even the revised versions of 

the outcome expectancy subscales presented by Bleicher (2004) and Enochs et al. 

(2000) do not meet the 0.80 standard. 

  Lastly, Henson (2002) argues that teacher efficacy research would benefit from 

longitudinal studies and the use of methodologies that go beyond correlational 

relationships. Most efficacy studies measure change in pre-service teacher efficacy over 

the course of a short treatment. In the case of pre-service teacher efficacy, this 

treatment is most often the methods course or the student teaching semester. In 

addition, the findings are usually correlated to a single variable through t-tests. 

Significant variables correlated to teacher efficacy include time-invariant variables such 

as gender, number of high school and science courses taken, and K-12 experiences 

(Bleicher, 2004; Enochs, 1991) and time-varying variables such mathematics anxiety 

(Gresham, 2008). Longitudinal studies can evaluate the impact of these variables on 

teacher efficacy needs over time. 

The present study has attempted to address some of the issues found in 

previous teacher efficacy studies. First, each scale utilized in the present study was 

specified and provided in the appendices. Second, Cronbach alpha scores for each 

subscale of all instruments were reported utilizing the recommendations of several 

statistical researchers (Helms, Henze, Sass, & Mifsud , 2006; Henson, 2001; 

Onwuegbuzie & Daniel, 2002). These recommendations include: (1) reporting Cronbach 

alpha scores by subscale, (2) calculating and reporting confidence intervals (CI) for 
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each subscale, and (3) reporting Cronbach alpha values for each subscale for each 

subpopulation. The reporting of results in Chapter 4 utilizes these recommendations.   

In line with the recommendations of Henson (2002), an original intent of the 

present study was to confirm the two-factor structure of STEBI-B and MTEBI utilizing 

CFA procedures. However, the number of participants in the study was insufficient for 

this type of analysis. The need for this type of study is noted in the recommendations for 

future research discussed in Chapter 5. 

Methodological Procedures for the Present Study 

The methodology utilized for the present study, latent transition analysis (LTA), is 

a robust modeling system that can overcome many of the problems associated with the 

more traditional analysis methods used in efficacy research. First, LTA utilizes a person-

centered, model-based approach to divide participants into groups (Jung & Wickrama, 

2008; Nylund, 2007). Unlike other analysis methods that utilize cut scores or other 

researcher-defined methods to determine group membership, LTA empirically verifies 

the presence of unobserved homogenous subpopulations within the surveyed 

population. In addition, LTA is a longitudinal modeling process, capable of modeling 

changes in teacher efficacy over multiple time points.    

Significance 

 The research presented in the present study has both scholarly and practical 

significance for teacher educators. On the scholarly level, LTA is particularly significant 

to the study of pre-service teacher efficacy for three reasons. First, LTA uses a person-

centered model-based approach to categorize classes of pre-service teachers based on 

their perceived self-efficacy in science and mathematics. Because it utilizes an empirical 
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approach to class definition, LTA does not rely on researcher-defined criteria or cut 

scores to determine classes. Second, LTA allows multiple variables (both time-invariant 

and time-varying) to influence the outcome (in this case, efficacy scores) 

simultaneously. Third, LTA models changes in pre-service teachers’ science and 

mathematics efficacy over time, allowing researchers to examine how these changes 

occur and which variables are related to changes in efficacy. This modeling technique 

allows for the longitudinal study of a developmental process with minimal loss of data. 

This process allows researchers to develop a richer understanding of how teacher 

efficacy develops over time.   

 On a practical level, teacher educators will benefit from a deeper understanding 

of the teacher efficacy construct. Since teacher efficacy is one of the few teacher 

characteristics consistently related to student learning (Woolfolk & Hoy, 1990) and it 

appears to be most malleable during pre-service teacher preparation (Housego, 1992; 

Hoy & Woolfolk, 1990; Watters & Ginns, 1995), the development of efficacy in pre-

service teachers is an important goal of teacher preparation programs. LTA provides a 

means to test specific interventions to determine the short- and long-term effects on 

teacher efficacy.   

Chapter 3 provides a detailed explanation of the procedures and instruments 

utilized in the present study. In addition, a pedagogical explanation of the LTA model-

building steps, with specific applications to teacher efficacy research, is provided.  
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CHAPTER 3  

METHODS AND INSTRUMENTATION 

 The purpose of the present study was to extend previous research on pre-service 

teacher efficacy. Previous research has demonstrated increases in pre-service teacher 

efficacy over the course of the methods semester (Bleicher, 2004; Watters & Ginns, 

1995), and mixed results over the course of the student teaching semester (Housego, 

1992; Hoy & Woolfolk, 1990; Spector, 1990). In addition, research has demonstrated a 

correlation between higher efficacy scores and some demographic variables, namely 

gender, number of courses taken, and previous school experience (Bleicher, 2004; 

Riggs, 1991). The present study examines the effect of pre-service teacher attitudes 

and beliefs about the nature of and the teaching of mathematics and science on science 

and mathematics teaching efficacy. Specifically, the present study sought to answer the 

following questions: 

1.) Is there a statistically significant effect of covariates (time-invariant and/or time-

varying) on pre-service teachers’ science and mathematics efficacy by class? 

2.) Is there a statistically significant effect of covariates (time-invariant and/or time-

varying) on class membership over time? 

Participants 

 The participants in the present study were baccalaureate degree-seeking 

students enrolled in the College of Education at a large public university (more than 

35,000 students) in the south-central part of the United States. The participants in the 

present study were not chosen at random. They were purposefully selected because 

they were beginning their final year of teacher education prior to graduating, being 
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certified, and entering the teaching field. Many efficacy studies have used students at a 

similar point in their educational program as participants (i.e. Bleicher, 2004; Enochs & 

Riggs, 1990; Enochs, Smith, & Huinker, 2000); therefore, these participants were 

determined an appropriate group to use in the context of the present study. The study 

population was limited to participants who were seeking teacher certification at the EC-4 

or 4-8 grade level. Therefore, College of Education students who were seeking 8-12, all-

level, or post-baccalaureate teacher certification were not included in the study 

population. Study participants were enrolled in the first semester of a two-semester 

Professional Development School (PDS). The first semester (PDS I) consisted of four 

education methods courses (language arts, mathematics, science, and social studies) 

which met each week of the semester on two consecutive days for three hours each, 

coupled with two full school days in a classroom field placement. The second semester 

(PDS II) was a full semester of student teaching in the same classrooms from the PDS I 

semester. Participants in the present study were enrolled in PDS I during the Fall 2008 

semester. In addition to the certification level restrictions, students who were not 

enrolled in all four education methods for the Fall 2008 semester were asked not to 

participate in the study.   

Instruments 

 Four instruments were used in the course of the present study. These 

instruments consisted of: (1) a demographic instrument I created, (2) a survey to 

measure attitudes and beliefs about mathematics and science, (3) a science teaching 

efficacy beliefs instrument, and (4) a mathematics teaching efficacy beliefs instrument.   
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 Each of the instruments used in the present study consists of two or more 

subscales. Many of the subscales included both positively and negatively worded items. 

A mixture of positively and negatively worded items is included on a scale with the 

intention of encouraging respondents to consider each item carefully in order to reduce 

the likelihood of response sets, satisficing, and yea or nay-saying (Couch & Kensington, 

1960; Krosnick, Narayan, & Smith, 1996; Nunnally, 1978). Items are positively oriented 

when the highest score possible is the strongest level of agreement with the item. In 

contrast, items are negatively oriented when the highest score possible is the strongest 

level of disagreement with the item. It is important to know the orientation of each item 

before beginning data analysis. Reverse coding on negatively worded items prior to 

data analysis was necessary to ensure that the high score on each item had the same 

meaning (DeVaus, 2002).   

Demographic Survey 

The demographic instrument (Appendix A) that I created to be used in the 

present study consisted of four parts. The first section (Section A) was designed to 

gather basic demographic data about the participants. Participants were asked to report 

their gender, ethnicity, year of birth, type of certification sought, PDS cadre placement, 

and whether they were first generation college students. The second and third sections 

were designed to gather information about the subjects’ previous mathematics 

experiences (Section B) and science experiences (Section C). The final section (Section 

D) asked the participants to answer questions about their perceptions of their respective 

mathematics and science teachers across their k-16 experience.  
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Section B (previous mathematics experiences) contained two sub-sections: (1) 

self-report of high school mathematics courses taken and general description of K-12 

mathematics experience and (2) self-report of college mathematics courses taken and 

general description of college mathematics experience. The sub-section for high school 

experiences contained a list of all of the mathematics courses potentially available to 

Texas high school students. This list was developed by consulting the Texas 

Administrative Code, Title 19 Part II, Chapter 111 (Texas Education Agency, 1997) and 

listing all of the courses Texas high school students could take to earn high school 

credit in mathematics. An open-ended response item was provided for participants to 

report any mathematics course(s) taken in high school that were not provided in the list. 

This item was provided to ensure that the report of high school mathematics courses 

taken was as accurate as possible. In addition, participants were asked to describe their 

K-12 mathematics experience as either positive or negative. The sub-section for college 

mathematics courses was developed by consulting the undergraduate catalog and the 

College of Education course requirements. The required mathematics courses for EC-4 

and 4-8 certifications were listed along with an open-ended response item to report any 

other mathematics course(s) a participant may have taken that were not provided in the 

list of courses. This item was provided to ensure that the report of college mathematics 

courses taken was as accurate as possible. In addition, participants were asked to 

describe their college mathematics experience as either positive or negative.   

Sections C (previous science experiences) contained two sub-sections: (1) self-

report of high school science courses taken and general description of K-12 science 

experience, and (2) self-report of college science courses taken and general description 
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of college science experience. The sub-section for high school experiences contained a 

list of all of the science courses potentially available to Texas high school students. This 

list was developed by consulting the Texas Administrative Code, Title 19 Part II, 

Chapter 112 (Texas Education Agency, 1997) and listing all of the courses Texas high 

school students could take to earn high school credit in science. An open-ended 

response item was provided for participants to report any science course(s) taken in 

high school that were not provided in the list. This item was provided to ensure that the 

report of high school science courses taken was as accurate as possible. In addition, 

participants were asked to describe their K-12 science experience as either positive or 

negative. The sub-section for college science courses was developed by consulting the 

undergraduate catalog and the College of Education course requirements. The required 

science courses for EC-4 and 4-8 certifications were listed along with an open-ended 

response item to report any other science course(s) a participant may have taken that 

were not provided in the list of courses. This item was provided to ensure that the report 

of college science courses taken was as accurate as possible. In addition, participants 

were asked to describe their college science experience as either positive or negative.   

The fourth section (Section D) of the demographic questionnaire was designed to 

gather information about the perceptions of science and mathematics teachers held by 

the participants. The questions included in this section were adapted from the Attitude 

Toward Science Inventory (ATSI) (Gogolin & Swartz, 1992). The ATSI has six 

subscales, but only the teacher perception subscale was utilized for the present study. 

The questions in this section ask the participants to provide a self-report of general 

perceptions about their science and mathematics teachers. The participants were asked 
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to answer questions related to their observations about their science and mathematics 

teacher behaviors, content knowledge, and enthusiasm and skill for teaching science 

and mathematics. This section contained 16 items which utilized a four point, Likert-type 

response scale with options of (1) strongly disagree, (2) disagree, (3) agree, and (4) 

strongly agree. Eight of the items were related to participant perception of their science 

teachers and eight of the items were related to participant perception of their 

mathematics teachers. Sample items for the scale include:  

My math (science) teacher knew when we were having trouble doing the work. 

[positive item]. 

My math (science) teacher did not seem to enjoy teaching math (science) 

[negative item]. 

Ten of the items were written with a positive orientation and six of the items were written 

with a negative orientation. The negatively worded items were reverse coded for 

analysis. The possible range of scores was 16-64 for the total teacher perception scale. 

The scale can also be broken into subscales for mathematics teacher perception and 

science teacher perception. The range of scores for each of these subscales was 8-32. 

Attitudes and Beliefs about the Nature of and the Teaching of Mathematics and Science 

(ABNTMS) 

The second instrument used in the present study was the Attitudes and Beliefs 

about the Nature of and the Teaching of Mathematics and Science (ABNTMS) 

(McGinnis et al., 1997; McGinnis et al., 2002). This instrument was specifically designed 

to measure the attitudes and beliefs of pre-service teachers about specific constructs 

related to the nature of and the teaching of mathematics and science. This scale was 
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designed to reflect the reforms envisioned by the national-level professional 

associations for the mathematics and science education communities (American 

Association for the Advancement of Science-AAAS, 1989, 1993; National Council of 

Teachers of Mathematics-NCTM, 1989, 1991; National Research Council-NRC of the 

National Academy of Sciences, 1989, 1996). The ABNTMS consisted of a 35-item, 

Likert-type scale, with five response options: (1) strongly disagree, (2) sort of disagree, 

(3) not sure, (4) sort of agree, and (5) strongly agree. There were five subscales of the 

instrument designed to address affective, belief, and epistemological constructs related 

to mathematics and science.  

The first subscale, Beliefs about the Nature of Mathematics and Science (BMS), 

consisted of 14 items that measured beliefs about mathematics and science. 

Respondents who score on the low end of this scale believe that mathematics and 

science consist of unrelated topics that are best learned by rote and that excellence in 

these subjects require special abilities. Thirteen of the questions were written with a 

negative orientation and one of the items was written with a positive orientation.   

The second subscale, Attitudes toward Mathematics and Science (AMS), 

consisted of six items that measured pre-service teachers’ attitudes towards 

mathematics and science. Respondents who score highly on this subscale tend to 

describe themselves as liking mathematics and science and as being interested in 

taking additional courses in mathematics and science. All of the questions in this section 

were written with a positive orientation.   

The third subscale, Beliefs about the Teaching of Mathematics and Science 

(BTMS), consisted of nine items that measured pre-service teachers’ philosophical 
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perspective towards mathematics and science. The national standards for mathematics 

(NCTM, 1989, 1991) and science (NRC, 1991) are based on a constructivist 

epistemology. This section of the instrument measured pre-service teachers’ orientation 

to using constructivist methodologies (i.e. using manipulatives and technology aids, 

frequent small group work, and allowing students ample time to reflect upon learning in 

mathematics and science) in the teaching of mathematics and science. All of the 

questions were written with a positive orientation.   

The fourth subscale, Attitudes toward Using Technology to Teach Mathematics 

and Science (AUTMS), consisted of two items that measure pre-service teachers’ 

attitudes toward learning to use technology to teach mathematics and science. Both 

questions were written with a positive orientation.   

The fifth subscale, Attitudes toward Teaching Mathematics and Science (ATMS), 

consisted of four items that measured pre-service teachers’ attitudes toward teaching 

mathematics and science. Respondents with a high score on this subscale tend to feel 

confident in their ability to teach mathematics and science and to integrate the two 

subjects in their teaching. Two of the questions were written with a positive orientation 

and two of the questions were written with a negative orientation.   

The negatively worded items for each subscale of the ABNTMS were reverse 

coded for analysis. The possible range of scores on the subscales were: 14-70 for the 

BMS, 6-30 for the AMS, 9-45 for the BTMS, 2-10 for the AUTMS, and 4-20 for the 

ATMS. Reported reliabilities for the subscales are: BMS = .76, AMS = .81, BTMS = .69, 

AUTMS = .79, and ATMS = .60 (McGinnis et al., 1997). 
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Science Teaching Efficacy Beliefs Instrument (STEBI-B)  

The third instrument used in the present study was the Science Teaching 

Efficacy Beliefs Instrument (STEBI-B) (Bleicher, 2004; Enochs & Riggs, 1990). This 

instrument was specifically designed to measure the science efficacy of pre-service 

teachers (Enochs & Riggs, 1990). These two subscales are based on Bandura’s (1977) 

concepts of self-efficacy and outcome expectancy as interpreted by Gibson and Dembo 

(1984) in the development of the Teacher Efficacy Scale (TES).   

The STEBI-B consists of a 23-item, Likert-type scale, with five response options: 

(1) strongly disagree, (2) disagree, (3) uncertain, (4) agree, and (5) strongly agree. The 

first subscale, Personal Science Teaching Efficacy (PSTE), consisted of 13 items that 

measured personal self-efficacy in science teaching. Five of the questions were written 

with a positive orientation, and eight of the items were written with a negative 

orientation. The second subscale, Science Teaching Outcome Expectancy (STOE), 

consisted of 10 items that measured outcome expectancy in science teaching. Eight of 

the questions were written with a positive orientation, and two of the items were written 

with a negative orientation. The negatively worded items on both sub-scales of the 

STEBI-B were reverse coded for analysis.   

In a study to establish the factorial validity of the STEBI-B, Bleicher (2004) noted 

that two questions on the STOE subscale had factor loadings that were below the 

minimum cutoff of 0.32 suggested by Stevens (1996). Analysis of the two items 

revealed that they were qualitatively different from the rest of the questions on the 

subscale. Modification of the wording of these two items resulted in satisfactory loading 
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values and the items were retained on the subscale. The modified version of the STEBI-

B (Bleicher, 2004) was the one utilized in the present study.  

The possible range of scores was 13-65 for the PSTE and 10-50 for the STOE. 

Reliabilities for the subscales have remained consistent across studies. Reported 

reliabilities for the PSTE are 0.90 (Enochs & Riggs, 1990) and 0.87 (Bleicher, 2004). 

Reported reliabilities for the STOE are 0.76 (Enochs & Riggs, 1990) and 0.72 (Bleicher, 

2004).   

Mathematics Teaching Efficacy Beliefs Instrument-revised (MTEBI-r)  

The fourth instrument used in the present study was the Mathematics Teaching 

Efficacy Beliefs Instrument-revised (MTEBI-r) (Eddy & Ward, 2009). The MTEBI-r was 

the result of several modifications of the STEBI-B (Bleicher, 2004; Enochs & Riggs, 

1990; Enochs, Smith, & Huinker, 2000; Huinker & Enochs, 1995) and was specifically 

modified for the present study. For clarity, a brief history of the evolution of the MTEBI-r 

instrument is provided below.   

The MTEBI-r was modified from the Mathematics Teaching Efficacy Beliefs 

Instrument (MTEBI). The MTEBI, designed by Huinker and Enochs (1995), was 

modified from the STEBI-B (Enochs & Riggs, 1990) and was developed to measure the 

mathematics efficacy beliefs of pre-service teachers. However, in a study to establish 

the validity of the MTEBI (Enochs et al., 2000), two questions were dropped from the 

MTEBI due to low factor loadings (Stevens, 1996). This resulted in a 21-item scale. 

These same two questions also had low loading factors on the STEBI-B (Enochs & 

Riggs, 1990) but were retained. As noted in the section above about the STEBI-B, 
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Bleicher (2004) was able to correct the loading issues on the STEBI-B by modifying the 

wording of the two items.   

Because the present study sought to examine changes in the efficacy beliefs of 

participants, it was desirable to have equivalent scales to measure efficacy beliefs for 

mathematics and science. I used the modifications recommended by Bleicher (2004) on 

the two problematic questions and added them back to the MTEBI to create the MTEBI-

r. Analysis of initial results from a pilot study using the revised scale indicated that the 

MTEBI-r was a reliable and valid instrument (Eddy & Ward, 2009).  

The MTEBI-r consisted of a 23-item, Likert-type scale, with five response options: 

(1) strongly disagree, (2) disagree, (3) uncertain, (4) agree, and (5) strongly agree. As 

with the STEBI-B, the two subscales of the MTEBI were based on Bandura’s (1977) 

concepts of self-efficacy and outcome expectancy as interpreted by Gibson and Dembo 

(1984) in the development of the Teacher Efficacy Scale (TES).   

 The first scale, Personal Mathematics Teaching Efficacy (PMTE), consisted of 

13 items that measured personal self-efficacy in mathematics teaching. Five of the 

questions were written with a positive orientation, and eight of the items were written 

with a negative orientation. The second scale, Mathematics Teaching Outcome 

Expectancy (MTOE), consisted of 10 items that measured outcome expectancy in 

science teaching. Eight of the questions were written with a positive orientation, and two 

of the items were written with a negative orientation. The negatively worded items on 

both sub-scales of the MTEBI-r were reverse coded for analysis.   

The possible range of scores was 13-65 for the PMTE and 10-50 for the MTOE. 

Reliabilities for the subscales have remained consistent across studies. Reported 
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reliabilities for the PMTE are .88 [MTEBI (Enochs & Riggs, 1990)] and .91 [MTEBI-r 

(Eddy & Ward, 2009)]. Reported reliabilities for the MTOE are .77 [MTEBI (Enochs & 

Riggs, 1990)] and .87 [MTEBI-r (Eddy & Ward, 2009)].   

Procedure 

 Prior to the start of the study, face validity of the three beliefs instruments used in 

the present study was established. Since each of the instruments measured participant 

beliefs, it was important to determine that each instrument measured a different aspect 

or type of beliefs. An expert panel of science (2), math (2), and general educators (2) 

who were either college faculty members or K-12 curriculum specialists examined the 

three instruments. These experts determined that the instruments appeared to measure 

different constructs. Specifically, the panel determined that the ABNTMS appeared to 

measure attitudes and beliefs about mathematics and science, while the MTEBI-r and 

STEBI-B measured beliefs about the teaching of mathematics and science, 

respectively. The panel determined that the constructs measured on each instrument 

did not overlap each other.     

All participants in the present study were beginning their final year of coursework 

in the undergraduate teacher preparation program. The participants completed an 

online survey three times over the course of the PDS year. The survey resided on a 

secure server maintained by the university. This survey included the previously 

described demographic information (first administration only), the STEBI-B, the MTEBI-

r, and the ABNTMS. The Enterprise-Wide User-Id (EUID), a unique student identifier 

code assigned by the university, identified participants. This coding allowed the 

participants to remain anonymous, while providing a means to match survey responses 
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to each participant. In order to maximize the response rate, the study utilized 

procedures suggested by Dillman (2000). These included (1) a respondent-friendly 

questionnaire, (2) up to five contacts with the questionnaire recipient, and (3) 

personalized correspondence.  

For the present study, the first round of data collection occurred during the first 

two weeks of the PDS I semester. One hundred eighteen participants completed the 

survey during the first round of data collection.      

The original study design called for the second round of data collection to occur 

at the end of the PDS I semester. This timeframe is utilized in almost all previous 

research on pre-service teacher efficacy. However, due to issues with the security 

certificate on the university server, collection of the second round of data was delayed 

until the beginning of the PDS II semester. The time between the end of the PDS I 

semester and the beginning of the PDS II semester consisted of winter break 

(approximately 5 weeks from early December to mid-January). Since the participants 

were not engaged in coursework or field experiences during this time, I determined that 

this delay should not significantly affect participant beliefs. Despite the delay, the 

security certificate issue persisted. The number of completed surveys in the second 

round was 48. Evidence suggested that participants had trouble accessing the survey 

due to the security certificate error. The impact of the reduced number of responses 

from the second round is discussed in the analysis section of this chapter. 

The third round of data was collected during the final two weeks of the PDS II 

semester. Due to the problems experienced during the second round of data collection, 

the survey site was moved from the university server to a commercial survey site. The 
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response rate improved greatly over the second round. A total of 68 surveys were 

completed in the final round of data collection.      

Data Analysis 

 The present study utilized latent transition analysis (LTA) as the data analysis 

method. LTA is a combination of two types of models: a growth curve model 

(specifically latent class analysis) and an autoregressive modeling (Markov models) 

(Nylund, 2007). A brief explanation of these two modeling traditions is provided here to 

supply necessary background information prior to a discussion of the model building 

process.  

Model diagrams are provided to assist the reader in understanding the 

procedures utilized in each analysis. In each model diagram, squares indicate observed 

variables and circles indicate unobserved variables. All of the models presented in the 

present study were analyzed using Mplus 4.2 (Muthén & Muthén, 1998-2007). Results 

from each step of the analysis are provided in Chapter 4. 

Growth Curve Model 

The growth curve model is analogous to a standard regression model, which is 

the analysis method most commonly used in teacher efficacy studies. A graphical 

representation of a general unconditional model appears in Figure 3.1. The model 

consists of observed dependent outcome variables (t1-t3), two unobserved independent 

variables (I and S), and variance terms (et1-et3 and eI-eS) (Jung & Wickrama, 2008).   
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Figure 3.1.  Univariate latent growth curve model. 

 

Figure 3.1 presents a univariate latent growth model (or unconditional growth 

model) (Jung & Wickrama, 2008). The model consists of observed continuous growth 

variables from three assessment periods (t1, t2, t3). The model also consists of 

unobserved growth trajectories, the intercept (I) and slope (S). Finally, the model 

includes error terms for each variable (eI, es, and et1 – et3). The growth trajectories, 

indicated by intercept (I) and slope (S), represent the mean estimated value of 

individuals at starting point (I) and the mean growth per assessment point overtime (S). 

The estimated variances for the growth factors are represented by eI and eS, 

respectively. To simplify the diagrams of subsequent models, variances are represented 

by arrows only.     

  The intercept is the mean starting value for the first time point, and the intercept 

variance is the amount of individual difference represented in the intercept growth 

factor. The slope is the mean rate of change between the time points and the slope 
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variance of the amount of individual difference represented in the slope growth factor. 

Using an example based on the present study, growth factor means could be 

interpreted as follows: At the beginning of the methods semester, the average PSTE 

score was 40, and, on average, pre-service teacher scores increased 3.5 points over 

the course of the PDS year. In this example, the estimated mean of the intercept is 40 

and the estimated mean of the slope is 3.5.   

Growth models can be extended to consider whether the surveyed population 

contains unobserved subpopulations that are empirically different from each other (Jung 

& Wickrama, 2008). Latent class analysis (LCA) empirically identifies groups of 

participants based on some observed outcome variable, called “classes” (Jung & 

Wickrama, 2008, p. 302). In a latent class model, each class is allowed to have unique 

growth factors (I and S) and estimated variances. Thus, each class will have its own 

distinct growth model. A graphical representation of a general latent class model 

appears in Figure 3.2.  

 
Figure 3.2.  General latent class model: Influence of unobserved latent classes on 
outcome variable.  
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A fundamental feature of the growth curve model is that the relationship between 

repeatedly measured outcomes is explained through the growth trajectory variables and 

not by comparing the outcomes directly. This feature distinguishes growth curve models 

from autoregressive models (Nylund, 2007). 

Autoregressive Models 

 As noted above, a fundamental difference between growth curve models and 

autoregressive models is the way changes in the outcome variables are described 

(Nylund, 2007). Autoregressive models explore the time-adjacent relationships between 

outcomes to describe change instead of utilizing the intercept and slope growth 

trajectories. The relationship between an outcome and one or more previous outcomes 

is explored through a series of regressions. Figure 3.3 depicts a general autoregressive 

model with first-order and second-order effects. 

 

Figure 3.3. General autoregressive model with first-order and second-order effects. 
 

 Figure 3.3 depicts an outcome variable (Y), measured at four time points (Y1-Y4). 

First-order autoregressive models only consider the relationship between an outcome 

and the immediate prior outcome (Nylund, 2007). These relationships are modeled in 

Figure 3.3 as a series of regressions between previous time points (i.e. Y2 on Y1, Y3 on 

Y2, and Y4 on Y3). However, it is possible to have second-order (or higher effects) 
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depending on the number of measured outcomes in the model. The regression of Y3 on 

Y1 depicts a second-order effect. This relationship describes to what extent the 

outcomes at Y3 are directly related to Y1, beyond the relationship as described through 

Y2. To use an example from the present study, the second order effect would describe 

to what extent efficacy at the end of PDS II (Y3) is directly related to efficacy at the 

beginning of PDS I (Y1), beyond the relationship described at the beginning of PDS II 

(Y2). 

 Another important feature of autoregressive modeling is that time is not explicitly 

included in the model (Nylund, 2007). Time between measurement occasions can be 

equal or vary, since the model does not reflect assumptions about the distance between 

measurement occasions. The model simply indicates the magnitude of change, if any, 

that occurred between adjacent measurement points. Time may be an important 

component in the design of a study, but equidistant time points are not a requirement of 

autoregressive modeling. To use an example from the present study, measurement 

occasions at the beginning of PDS I (t1), the beginning of PDS II (t2), and the end of 

PDSII (t3) make sense from a theoretical standpoint and previous teacher efficacy 

research. These measurement occasions are approximately equidistant from each 

other. However, it would be possible to add a fourth measurement occasion to the 

model. Efficacy could be measured at the end of the first year of teaching (t4) and would 

make theoretical sense. The time between t3 and t4 would be very different from the 

time between t1 and t2. Autoregressive modeling allows for a meaningful discussion of 

change in efficacy at each of the measurement occasions, regardless of the time 

between measurements.  
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 Overall, the difference between growth curve modeling and autoregressive 

modeling is the way that the models describe the relationship between repeatedly 

measured outcomes. Growth curve modeling utilizes growth trajectory variables to 

describe the difference in outcome variables, while autoregressive modeling utilizes 

regression analyses of adjacent time points to describe the relationships between the 

outcomes. LTA combines both of these modeling traditions to simultaneously: (1) 

describe latent classes within the surveyed population and (2) model individual-level 

changes between the classes that occur over time (Nylund, 2007). 

Latent Transition Analysis 

 As indicated above, LTA builds upon two modeling traditions: growth curve 

modeling and autoregressive modeling (Nylund, 2007). Figure 3.4 depicts a general 

LTA model with three measurement occasions. This model represents how the latent 

class variables (C) at each time point (1, 2, and 3) are related to each other via an 

autoregressive relationship. 

 
Figure 3.4. General latent transition analysis model with three observed outcomes and 
three measurement points.  
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The general LTA model depicted in Figure 3.4 is provided at this point to show how 

growth models and autoregressive models are combined in a LTA. A much more 

thorough description of the model utilized in the present study is provided in the section 

below.  

LTA Model Building Steps 

This section will explain the specific model building steps utilized in the data 

analysis for the present study. For pedagogical purposes, a general explanation of each 

model-building step is provided here, followed by specific connections to the present 

study. The process is broken into two main steps: (1) building the latent class model, 

and (2) specifying the latent transition model.   

Building a Latent Class Model 

 There are several steps in specifying the appropriate latent class model for a set 

of data (Jung & Wickrama, 2008). The general procedures described below are 

provided to assist the reader in understanding the process used to determine the 

number of latent classes in the surveyed population of the present study. Readers 

desiring a more detailed explanation of the process are directed to Jung and Wickrama 

(2008). 

Preliminary Data Analysis 

 In conducting any data analysis, the descriptive statistics for each variable should 

be examined prior to the start of data analysis (Nylund, 2007). Distorted data affects the 

results of the analysis, so it is important to examine data for suspicious missing data 

patterns, data entry errors, and unexpected values due to coding errors. As part of this 
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process, the results of each variable (outcome and covariates) are summarized in 

tables and general trends are noted.    

 Missing data is a common problem in longitudinal studies. As noted in the 

procedure section of this chapter, technology issues resulted in a less than optimal 

response in the second round of data collection. In addition, inspection of the data set 

revealed random missing scores on items. This data is considered to be at random 

(MAR) (Little & Rubin, 1987). The multiple-imputation technique based on the 

expectation-maximization (EM) algorithm (Little & Rubin, 1987) is a robust method for 

dealing with missing data. Estimates for the values of missing data are obtained by 

utilizing full information maximum likelihood (FIML) estimation (Dempster, Laird, & 

Rubin, 1977; Enders & Bandalos, 2001) via the EM algorithm. A simulation study by 

Scheffer (2002) indicates that this method is valid for data sets missing up to 50% of 

data. Multiple-imputation was the technique utilized in the present study to estimate the 

values for missing data (Muthén & Muthén, 1998-2007).     

Step 1: Specify a single-class latent growth curve model (unconditional model). 

The first step in LCA is to specify the single class growth model (Jung & 

Wickrama, 2008). The unconditional model for the present study is more detailed than 

the simple growth model presented in Figure 3.1 because the model utilized for the 

present study contained four outcome variables measured on three occasions. A 

graphical representation of the univariate growth model utilized in the present study 

appears in Figure 3.5.    
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Figure 3.5.  Single-class latent growth curve model: The effect of time on changes in 
pre-service elementary teacher science and mathematics teaching efficacy. 
 

In Figure 3.5, there are four latent class indicators measured at three time points. 

The class indicators are designated (Ytm), where t = time of measurement (t1-t3) and m 

= outcome measure (m1-m4). In other words, outcome measures of science and 

mathematics teacher efficacy as measured by the PSTE (m1), STOE (m2), PMTE (m3), 

and MTOE (m4) are shown at the beginning of PDS I (t1), the beginning of PDS II (t2), 

and the end of PDS II (t3). The growth factors are indicated by I (intercept) and S 

(slope). The results of this analysis explain the growth in pre-service teacher efficacy 

over the course of the PDS year. In other words, this model explains how much 

variance in pre-service teacher science and mathematics efficacy is accounted for by 

time.  

Step 2: Specify a latent class model (partially conditioned model). 

The second step is to specify a latent class model (Jung & Wickrama, 2008). The 

latent class model allows for the identification of any unobserved latent classes within 
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the survey population. This model is similar to the unconditional model, except the 

categorical latent class variable (C) has been added to the model. This is the partially 

conditioned model, because it represents the addition of the unobserved latent class 

variable to the model.    

 In the present study, it was hypothesized that there were at least two latent 

classes (unobserved subpopulations) within the surveyed population. Participants’ class 

membership was based on their observed science and mathematics efficacy scores. A 

graphical representation of the LCA model utilized in the present study is depicted in 

Figure 3.6.   

 

Figure 3.6. Partially conditioned model: Influence of latent classes on changes in pre-
service teacher science and mathematics teaching efficacy. 
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Specification of the latent class model is an important step in the analysis (Jung 

& Wickrama, 2008). The present study hypothesized that there were unobserved latent 

classes within the surveyed population. The analyses performed in this step confirm or 

refute this hypothesis. However, if there are covariates that have a significant, direct 

effect on class membership and/or the growth trajectories, then the latent class model 

without a covariate (partially conditioned model) will lead to distorted results. Therefore, 

a comparison of the partially conditioned model with the fully conditioned model is 

essential to understand the importance of the covariate in predicting class membership 

and growth trajectories. This occurs in step 4. However, before comparing the partially 

conditioned model with the fully conditioned model, the latent class model that best fits 

the data must be determined. 

Step 3: Determine the number of classes.    

For LCA, it is important to determine which model best fits the data (Jung & 

Wickrama, 2008). The number of classes determines the model fit. In order to 

determine the number of latent classes in the surveyed population, various models are 

considered systematically, each with a different number of classes (i.e., 2-class model, 

3-class model, 4-class model, etc.). If there are multiple classes, as hypothesized, the 

model fit (the number of classes) is determined by examining a number of model fit 

criteria.   

One problem in determining the number of classes is that there is no single 

indicator commonly accepted to determine the appropriate number of classes in a 

surveyed population (Jung & Wickrama, 2008). The literature reports a variety of criteria 

that can be used to determine model fit: Akaike Information Criterion (AIC) (Akaike, 
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1987); Bayesian Information Criterion (BIC) (Schwartz, 1978); Vuong-Lo-Mendell-Rubin 

Likelihood Ratio Test (LMR LRT) (Lo, Mendell, & Rubin, 2001); Bootstrapped Likelihood 

Ratio Test (BLRT) (McLachlan & Peel, 2000); and Entropy (Muthén, 2004; 

Ramaswamy, DeSarbo, Reibstein, & Robinson, 1993). In a simulation study, Nylund, 

Aspaouhov, and Muthén (2007) determined that the BLTR was the most consistent 

indicator of classes across a variety of mixture models, followed by the BIC. These two 

criteria, along with entropy, are the model fit criteria utilized in the present study.   

These criteria are interpreted in different ways. The BLRT (McLachlan & Peel, 

2000) utilizes p-values. When comparing two models, a p-value of less than .05 

indicates that the model with more classes is the better model fit, whereas a p-value 

greater than .05 indicates that the model with fewer classes is the better model fit. For 

example, in comparing a one-class versus a two-class model, a p-value of less than .05 

would indicate that the two-class model fits the data better; while a p-value greater than 

.05 would indicate that the one-class model fits the data better.   

The BIC (Schwartz, 1978) is a form of information criterion used to choose 

between competing statistical models. The BIC criterion values for each model (i.e., 2-

class versus 3-class) are simply compared to each other, with the lower value indicating 

better model fit. An important note is that BIC criterion values do not have a range, so 

they are only useful when comparing one model to another.   

Another important factor to consider is whether the participants are assigned to a 

class that best fits the model. The entropy measure provides a summary calculation of 

the average latent class probability for the most likely latent class membership 

(Ramaswamy, DeSarbo, Reibstein, & Robinson, 1993). The entropy value ranges from 
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0 to 1, with values closer to 1 indicating the precision of membership classification. For 

example, an entropy value of 0.85 would indicate that there is an 85% likelihood that a 

participant in class 1 is really a member of class 1 and not a member of class 2. 

However, it is important to remember that many factors are important in 

determining model fit. In addition to model fit criteria, the research question, theoretical 

justification and interpretability of the model, and parsimony should all be considered 

when determining the number of classes to include in the model (Jung & Wickrama, 

2008). All of these factors were considered in the present study.   

Step 4: Specify the latent class model with covariate (fully conditioned model). 

As mentioned in step 2, in LCA it is important to consider if there is a covariate 

that has significant, direct effect on class membership and/or the growth trajectories 

(Jung & Wickrama, 2008). Once the number of classes is determined, analysis of the 

fully conditioned model can begin. A new observed variable (X) is added to the model. 

This variable is a covariate hypothesized to influence class membership (C) and the 

growth factors (I) and (S). This variable could be a factor such as gender or ethnicity, or 

it could be another factor such as a score on some hypothesized predictor variable such 

as grade point average. The fully conditioned model is illustrated in Figure 3.7.  
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Figure 3.7. Fully conditioned model: Latent class model with covariate.  
 

 The preceding discussion on LCA model building is provided in order to establish 

foundational knowledge necessary to understanding the steps utilized in building a LTA 

model. A discussion of the LTA model building steps is provided in the following section.  

Specifying the LTA Model 

As mentioned previously, LTA is an extension of the LCA measurement model.  

The specific steps involved in specifying the LTA model for the present study are 

detailed below. These steps are modified from the LTA model building steps as 

described by Nylund (2007). Readers desiring a more detailed explanation of the LTA 

model building process and the many variations possible utilizing this model are 

encouraged to review the Nylund (2007) manuscript.  
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Preliminary Data Analysis 

 As described previously, any data analysis should begin with an examination of 

the descriptive statistics for all variables. As previously noted, values for data MCAR 

were estimated using the multiple imputation feature of the MPlus 4.2 software (Muthén 

& Muthén, 1998-2007). Tables depicting summary statistics and general trends noted in 

this step are reported in Chapter 4. 

Step 1: Study LCA model alternatives for each time point. 

 Step 1 involves the judicious selection of a model that accurately describes the 

construct of teacher efficacy as described in the present study (Nylund, 2007). In this 

first step, a series of latent class models are fit for each measurement time point 

(beginning of PDS I, beginning of PDS II, and the end of PDS II). Essentially, this step 

involves conducting steps 2-4 in the LCA process for each of the time points utilized in 

the present study. 

The LCA regression models for each time point in the study were analyzed 

separately. Covariates were included in the model-fitting step for each time point to help 

provide validity to the selected model (Nylund, 2007). Figure 3.8, provided as an 

example of the process, depicts the latent class regression model at t1 (the beginning of 

PDS I), with gender as the covariate.   
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Figure 3.8. Latent class regression model with covariate (gender). 
 

 As a part of this process, the time-invariant covariates of gender, ethnicity, age, 

level of certification, previous coursework, teacher perceptions, and first-generation 

college student were examined to determine which, if any, had an effect on class 

membership at each time point (Nylund, 2008). These covariates were utilized to 

establish the validity of the efficacy classes as supported in previous research on 

teacher efficacy (Bleicher, 2004; Enochs, 1991).   

 At this point, it is important to examine the item-probability plots in order to assign 

meaning to the classes (Nylund, 2007). The item-probability value represents the 

likelihood of a class member endorsing a particular item on a scale. The item-probability 

plot combines all of the item-probability values into a class profile to allow comparison to 

other classes in the model. There are two types of solutions for classes: ordered 

solutions and unordered solutions. Figure 3.9 provides hypothetical examples of 
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ordered and unordered latent class solutions for a 2-class model measured by four 

items. 

   

Figure 3.9.  Item mean plots for ordered (left) and unordered (right) LCA solutions with 
continuous outcomes. 
 
 A solution in which the profiles do not cross is an ordered solution (Nylund, 

2007). The chart on the left displays two class profiles that do not cross. The top profile 

(Class 1) exhibits higher mean responses on each of the four items as compared to the 

bottom profile (Class 2). In the context of the present study, Class 1 would be described 

as the “high efficacy” class and Class 2 as the “low efficacy” class. This is the class 

structure hypothesized to exist in the present study.   

 A solution in which the profiles cross is considered an unordered solution 

(Nylund, 2007). The chart on the right indicates that the four items are still significant in 

differentiating the two classes. However, qualitative analysis of the items is required in 

order to determine how to assign meaning to the class structure.    

 Once the number and type of classes is determined for each time point, 

movement between classes can be analyzed. This process is described in Step 2.     

Step 2: Explore transitions based on cross-sectional results. 
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 Once the selection and validation of the measurement model is completed, the 

next step in the modeling process involves using cross-sectional results to account for 

change that occurs between the latent classes (Nylund, 2007). First, individuals were 

assigned to their most likely class at each time point utilizing posterior class 

probabilities. Posterior class probabilities use an individual’s observed responses on 

measured items to indicate that individual’s odds of being in each of the latent classes 

in the fitted model. For example, consider an individual that has posterior probabilities of 

being in two classes of 0.15 and 0.85 for Classes 1 and 2, respectively. This individual 

would be assigned to Class 2 based on the higher posterior probability value. This 

process is called model class assignment. After individuals were assigned to classes, 

class membership information was merged across time points to create cross-

classification tables. These tables allow for the description of individual movement 

among efficacy classes over time.   

If the analyses conducted in Step 1 resulted in a measurement model that has 

the same number and type of classes for each time point, it would be necessary to 

explore measurement invariance at this point. For example, if the LTA model is a 2-

class model with ordered solutions at all three measurement occasions, then it is 

important to determine if the structure of the two classes (high and low efficacy) remains 

the same over time.   

There are three possible levels of measurement invariance: full measurement 

invariance, full measurement noninvariance, and partial measurement invariance. Full 

measurement invariance assumes equality of all measurement parameters for all 

classes over all measurement occasions. Full measurement noninvariance assumes 
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that measurement parameters vary across measurement occasions. Partial 

measurement invariance falls between the two extremes, but still indicates some level 

of measurement parameter invariance. Measurement invariance methods are discussed 

more fully in the appropriate section of Chapter 4. 

Step 3: Explore specification of the latent transition model without covariates. 

 This step represents the first step that utilizes a longitudinal model (Nylund, 

2007). Similar to Step 2 in the LCA process, this step involves modeling without 

covariates. The process of initially exploring a simplified model is a common practice 

when specifying models with many components (Jung & Wickrama, 2008). 

 A consideration at this point is whether a model with only first-order effects or a 

model with first- and second-order effects best describes changes in efficacy over time 

(Nylund, 2007). In order to explore whether a model with second-order effects is 

relevant to teacher efficacy, two models are fit to the data: an LTA model with first-order 

effects and an LTA model with first-and second-order effects. As previously discussed, 

the second order effect would describe to what extent efficacy at the end of PDS II (Y3) 

is directly related to efficacy at the beginning of PDS I (Y1), above the relationship 

described at the beginning of PDS II (Y2). Figure 3.10 depicts the LTA model with first- 

and second-order effects analyzed in the present study. The Likelihood Ratio Test (LMR 

LRT) (Lo, Mendell, & Rubin, 2001) is utilized to determine which model better fits the 

data. 
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Figure 3.10. LTA model with first-order effect (arrow with straight line) and second-order 
effect (arrow with dashed line).   
 
As with the previous steps, final determination of the effect level for the present study is 

described in Chapter 4. 

 Once the appropriate level of effect is determined, covariates can be added to 

the model. The inclusion of covariates is considered in Step 4. 

Step 4: Include covariates in the LTA model. 

 Including covariates is an important step in the modeling process (Nylund, 2007). 

As with LCA, if covariates have a significant impact on class membership, leaving them 

out of the final model will result in misspecification of the model. In addition, covariates 

in the LTA model help explain the heterogeneity found in the developmental process 

under study (Humphreys & Janson, 2000).   

 In the present study, there were two types of observed covariates considered in 

the final modeling step: time-invariant and time-varying. Time-invariant covariates are 

demographic variables, such as gender and ethnicity, which are measured only once 
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(Nylund, 2007). Time-varying covariates are variables that are measured repeatedly 

and at the same time as the outcome. In the present study, the time-varying covariates 

consist of participant scores on the five subscales of the Attitudes and Beliefs about the 

Nature of and the Teaching of Mathematics and Science (ABNTMS) survey.   

When considering how a variable best fits the model, it is possible to allow 

variables to have either a time-invariant or a time-varying effect (Nylund, 2007). For 

example, gender could be constrained to have a time-invariant effect. In this case, the 

influence of gender on class membership would only be modeled at the first 

measurement point. However, time-invariant variables can also have a time-varying 

effect. For instance, gender might have an effect on teacher efficacy classes that varies 

over time. Thus, it is important to consider both time-invariant and time-varying effects 

of variables. 

In order to demonstrate how time-invariant and time-varying covariates are 

included in a LTA model, consider Figure 3.11 below. In this figure, the time-invariant 

covariates of gender and ethnicity are modeled with a time-varying effect. The time-

varying covariate of the ABNTMS score is modeled with time-varying effects as well. 

Note that each ABNTMS score carries a subscript that indicates the measurement 

occasion. In addition, the model includes the second-order effect of class membership 

at the beginning of PDS I on class membership at the end of PDS II. Figure 3.11 is 

included at this point for pedagogical purposes only, and it does not necessarily reflect 

the final model utilized in the present study. A graphical representation of the final 

model selected for the present study is presented in Chapter 4. 
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Figure 3.11. Sample model diagram for teacher efficacy with first- and second-order 
effects and time-varying effects of covariates. 
 

Specification of the final model for the present study occurs in Step 4. However, it 

is important to note that there is a potential Step 5 in the process (Nylund, 2007). LTA 

also provides researchers with the opportunity to include distal outcomes in the model. 

Since the present study was conducted over the course of a single school year, a distal 

outcome was not available to be included in the model. However, in the case of teacher 

efficacy, a distal outcome might be teacher retention three years post-graduation or any 

other variable that has been correlated with teacher efficacy.   

Conclusion 

 This chapter presented an overview of the methodology and data analysis 

methods utilized in the present study. A detailed explanation of the LCA and LTA 
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model-building steps with examples related to the present study was provided to 

familiarize readers with these analytical methods. The application of LTA modeling to 

the study of pre-service teacher efficacy utilizes an innovative technique to investigate 

this complex construct. Results of the model-specification process utilized in the present 

study are reported in Chapter 4. 
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CHAPTER 4  

RESULTS 

This chapter presents the results of an application of Latent Transition Analysis 

(LTA) to the study of pre-service teacher efficacy. Because LTA is a model-building 

process, a short discussion of the results of each step is provided prior to moving on to 

the next step. These discussions are provided to help the reader understand how the 

results from each step are integrated into the subsequent steps of the analysis. Often 

times, these intermediary steps are not reported in published studies that use LTA 

(Nylund, 2007). However, one goal of this dissertation is to provide assistance to other 

educational researchers using LTA in their own research. The steps used in the 

analysis for the present study are: 

Preliminary Data Analysis 

Step 1: Study LCA Model Alternatives for Each Time Point 

Step 2: Explore Transitions Based on Cross-Sectional Results 

Step 3: Explore Specification of the Latent Transition Model without Covariates 

Step 4: Include Covariates in the LTA Model  

Preliminary Data Analysis 

 The first step in any data analysis is to examine the dataset using descriptive 

statistics (Nylund, 2007). The descriptive analysis procedures aid in detecting any 

coding errors or other sources of error in the dataset and assure normal distribution of 

the sample. Analyses of missing data patterns reveal the impact of missing values on 

the integrity of the dataset. 
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 Participants completed online surveys at three time-points over the course of the 

Professional Development School (PDS) year. These time-points were (1) the beginning 

of the PDS I semester (round 1), (2) the beginning of the PDS II semester (round 2), 

and (3) the end of the PDS II semester (round 3). These surveys included: (1) the 

demographic instrument (first administration only), (2) the Science Teaching Efficacy 

Beliefs Instrument, Form B (STEBI-B), the Mathematics Teaching Efficacy Beliefs 

Instrument-revised (MTEBI-r), and the Attitudes and Beliefs about the Nature of and the 

Teaching of Mathematics and Science Instrument (ABNTMS). The data were 

downloaded from the survey websites and loaded into a master file. An examination of 

the data reveals that 57% of the data from round 2 are missing due to certificate 

problems on the server housing the survey. This exceeds the 50% missing rate 

considered acceptable by Scheffer (2002). Consequently, the data from round 2 were 

dropped from the analysis. The results presented in this chapter are from round 1 and 

round 3 of data collection. For clarity, the terms: “beginning of PDS I” (round 1) and “end 

of PDS II” (round 3) reference the data collection points in the remainder of this chapter. 

 An examination of the remaining data for unusual data patterns, such as “piling 

on the mid-point” (Alreck & Settle, 1985, p. 156) revealed no suspicious data patterns. 

Utilization of the listwise deletion procedure in both SPSS 15.0 and MPlus 4.1 

eliminated data missing from the demographic sections of the survey. Missing data 

analyses on the continuous independent and dependent variables revealed that data 

are missing at random (MAR) (Little & Rubin, 1987). MAR values were generated using 

the full information maximum likelihood (FIML) estimation (Dempster, Laird, & Rubin, 
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1977; Enders & Bandalos, 2001) via the EM algorithm. Generation of the missing 

subscale values for the ABNTMS, MTEBI-r, and STEBI-B utilized this procedure.   

Tables 4.1 through 4.3 present the descriptive statistics for the demographic data 

collected at the beginning of PDS I and the end of PDS II. Tables 4.4 and 4.5 present 

the descriptive and inferential statistics for the Teacher Perception Scale and ABNTMS 

data collected at the beginning of PDS I. Brief comments are included with each table, 

in order to highlight any interesting results. Examining the variance values of each 

variable reveals if the variable has enough variance for consideration as a covariate 

affecting class membership during analyses conducted in Step 1. Presentation of 

relevant findings for the three types of variables (time-invariant independent, time-

varying independent and dependent variables) occurs in separate sections below.   

Time-invariant Independent Variables 

 This section presents the descriptive statistics for the time-invariant independent 

variables utilized in the present study. Results for demographic variables, high school 

and college coursework variables, high school and college experience variables, and 

teacher perception variables are reported separately.  

Table 4.1 presents the descriptive statistics for the demographic data collected in 

Section A of the demographic survey (Appendix A). Similar to many teacher efficacy 

studies (Enochs et al., 1995; Stevens & Wenner, 1996; Wenner, 1993), the population 

of the present study is overwhelmingly female (95%). The ethnicity of the population is 

predominantly white (83%), with the remainder of the ethnic categories each consisting 

of less than 8% of the study population. An examination of the variance values for 

gender and ethnicity reveal that neither variable has enough variance in the scores for 
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consideration as a covariate possibly affecting class membership.  

Table 4.1  

Demographic Characteristics of Participants (N = 111) 

Characteristic n     %* M SD Var. 
Gender 111  1.95 0.23 0.05 
 Male = 1  105    94.6    
 Female = 2 

 
 6      5.4    

Ethnicity 111  5.63 1.04 1.09 
 American Indian or Alaskan Native = 1 0      0.0    
 Asian = 2 4      3.6    
 Black or African American = 3 4      3.6    
 Hispanic or Latino = 4 8      7.2    
 Native Hawaiian or Other Pacific Islander = 5 0      0.0    
 White = 6 92    82.9    
 Other = 7 

 
3      2.7    

Age 109  26.54 6.22 38.70 
 21-26  79    71.1    
 27-35  21    18.9    
 35+  9      8.2    
 Not given 

 
 2      1.8    

Certification Type 109  1.19 0.40 0.16 
         EC-4 = 1 88    79.3    
         4-8 = 2 21    18.9    
         Not given 
 

2      1.8    

First-generation college 111  1.28 0.45 0.20 
 No = 1  80    72.1    
 Yes = 2  31    27.9    
Note. *Percentages are based on the n of the variable under consideration  
 

 
The mean age for the participants is 26.54. However, this statistic is somewhat 

misleading because two participants reported their age as 52. The median value for age 

is 24 and the mode for age is 23, and most of the participants (71%) are between the 

ages of 21 and 26. Based on age, the population of the present study is a mix 

approximately 70% traditional students and 30% non-traditional students. This 

population mix is consistent with the population statistics reported in the series of 

efficacy studies (Stevens & Wenner, 1996; Wenner, 1993, 1995), which indicated that 
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approximately 25% percent of education students in those studies were considered 

non-traditional. Most of the participants (79%) are seeking an early-childhood through 

4th grade baccalaureate degree. Slightly more than a quarter of the participants (28%) 

described themselves as first-generation college students. The participant age, 

certification type, and first-generation college variables do have enough variance to be 

considered as potential predictors of class membership. However, the literature review 

did not reveal any studies in these variables were correlated to teacher efficacy. The 

result of the examination of the descriptive statistics for the background variables is that 

none of the variables is utilized in later analyses.     

 Table 4.2 presents the descriptive statistics for high school and college 

coursework reported by participants. An important note is that not all of the participants 

completed this section of the survey. Inspection of the raw data reveals that missing 

data values are missing at random. A greater number of participants (90 for math, 96 for 

science) answered questions related to college coursework compared to high school 

coursework (83 for math, 85 for science). Of those reporting their high school 

coursework, almost three-fourths of the participants (72%) reported taking three (29%) 

or four (43%) courses in mathematics, compared to 61% who reported taking three 

(27%) or four (34%) courses in science. Of those reporting their college coursework; 

more than half of the participants reported taking three courses in mathematics (57%) 

and four courses in science (58%). The variation of scores on each of these variables is 

sufficient to be included in the covariate analyses conducted in Step 1. 
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Table 4.2  
 
Descriptive Statistics for High School and College Mathematics and Science 
Coursework 
 
  n %* M SD Var. 
HS Mathematics Courses  83  3.98 0.98 0.95 
 1 course   1    1.2    
 2 courses   3    3.6    
 3 courses 24  28.9    
 4 courses 36 43.4    
 5 courses 14 16.9    
 6 courses   5   6.0 

 
   

HS Science Courses  85  3.76 1.45 2.11 
 1 course   5   5.9    
 2 courses   8   9.4    
 3 courses 23 27.1    
 4 courses 29 34.1    
 5 courses 12 14.1    
 6 or more courses   8   9.5 

 
   

College Mathematics Courses 90  3.37 0.98 0.98 
 1 course   1   1.1    
 2 courses 11 12.2    
 3 courses 51 56.7    
 4 courses   8   8.9    
 5 courses 19 21.1 

 
   

College Science Courses 96  3.97 0.84 0.70 
 1 course 1 1.0    
 2 courses 4 4.2    
 3 courses 13 13.5    
 4 courses 56 58.3    
 5 courses 22 22.9    
Note. *Percentages are based on the n of the variable under consideration 
 

 Table 4.3 presents the descriptive statistics for the K-12 and college experiences 

reported by participants. Participants provided a general report of whether their K-12 

and college experiences in mathematics and science were negative or positive. A 

majority of participants in each category (69-74%) reported these experiences as 

positive. The variation of scores on each of these variables is sufficient to be included in 

the covariate analysis conducted in Step 1. 
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Table 4.3 
  
Descriptive Statistics for Report of K-12 and College Mathematics and Science 
Experiences 
 
Experience  n %* M SD Var. 
K-12 Mathematics 111  1.69 0.46 0.21 
 Negative = 1 34 30.6    
 Positive= 2 77 69.4 

 
   

K-12 Science 108  1.70 0.46 0.21 
 Negative = 1 32 29.6    
 Positive= 2 76 70.4 

 
   

College Mathematics 111  1.74 0.44 0.20 
 Negative = 1 29 26.1    
 Positive= 2 82 73.9 

 
   

College Science 109  1.72 0.45 0.20 
 Negative = 1 30 27.5    
 Positive= 2 79 72.5    
Note. *Percentages are based on the n of the variable under consideration 
 
 Table 4.4 presents descriptive and inferential statistics for the Perception of 

Teacher scale in Section D of the demographic survey. This scale contains two 

subscales: (1) Math Teacher Perceptions and (2) Science Teacher Perceptions. The 

range of scores for each of these subscales is 8-32. The three negatively worded items 

on each scale were reverse coded prior to analysis. Mean scores for both subscales fall 

slightly above the midpoint of the scale (20), meaning that on average participants 

answered more items affirmatively (agree or strongly agree) than negatively. A Pearson 

product-moment correlation was conducted to determine the degree of correlation 

between the scales. The effect size value (r = .24, p < .05) is small (Cohen, 1988), so 

the subscales are considered as separate variables in later analyses. The variation of 

scores on each of the subscales is sufficient to be included in in the covariate analyses 

conducted in Step 1. 
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Table 4.4  
 
Means, Standard Deviations, Variances, Cronbach Alpha Values, and Confidence 
Intervals for the Teacher Perception Scale at the Beginning of PDS I 
 
Subscale M SD Var. α CI (95%) 
Math Teacher Perception (n = 107) 21.87 3.99 15.89 .84 .79-.88 

 
Science Teacher Perception (n = 108) 23.10 3.53 12.47 .83 .77-.87 

 
Pearson r = .24* 
Note. *p < .05.   
   

Of note is the inclusion of a confidence interval (CI) for the Cronbach alpha score 

for each subscale. These values are included as part of the new changes required by 

the 6th edition of the APA style manual (APA, 2009). Confidence interval values were 

calculated using the procedure described by Fan and Thompson (2001). The inclusion 

of CIs in the descriptive statistics serves as a reminder that all statistical estimates are 

subject to sampling error variance (Fan & Thompson, 2001). The calculated Cronbach 

alpha value should fall within the range of the CI. Results for all of the scales utilized in 

the present study include CIs. 

Time-varying Independent Variables 

 The time-varying independent variables for the present study are personal 

attitudes and beliefs about the nature of and the teaching of mathematics and science. 

Participant attitudes and beliefs were measured on two occasions (the beginning of 

PDS I and the end of PDS II) using the Attitudes and Beliefs about the Nature of and the 

Teaching of Mathematics and Science scale (McGinnis et al., 1997). The negatively 

worded questions in each subscale were reverse coded prior to analysis. A missing 

value analysis (MVA) run in SPSS 15.0 revealed that individual missing items are MAR. 

Missing values were computed using the expectation-maximization (EM) algorithm 

(Little & Rubin, 1987) for imputing data. Subscale totals were then computed. Table 4.5 
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presents descriptive and inferential statistics for the five subscales of the ABNTMS at 

the beginning of PDS I.   

Table 4.5  
 
Means, Standard Deviations, Variances, Cronbach alpha values, and Confidence 
Intervals for the Attitudes and Beliefs about the Nature of and the Teaching of 
Mathematics and Science scale at the Beginning of PDS I (N=111) 
 

Subscale M SD Var. α 
CI 

(95%) 
Beliefs about the nature of Mathematics and Science 
(BMS) 
 

55.34     8.21 67.41 .83 .78-.87 

Attitudes toward Mathematics and Science (AMS) 
 

22.47     5.46 29.83 .83 .78-.88 

Beliefs about the Teaching of Mathematics and Science 
(BTMS) 
 

37.93     3.68 13.56 .56 .42-.67 

Attitudes toward Teaching Mathematics and Science 
(ATMS) 
 

13.99     3.31 10.96 .62 .49-.72 

Attitudes toward Using Technology to teach Mathematics 
and Science (AUTMS) 

8.86     1.37   1.88 .80 .71-.86 

 
 The mean score for the BMS scale (range 14-70) is slightly lower than the 

midpoint of the scale (56). Low scores on this scale indicate that a participant’s beliefs 

are oriented toward the view that mathematics and science consist of unrelated topics, 

best learned by rote procedures. In contrast, participants with high scores on this scale 

are oriented toward an integrated view of mathematics and science topics, best learned 

conceptually. This result suggests that at the beginning of PDS I, participants fell in the 

middle of these two extremes. The mean score for the AMS scale (range 6-30) is 4.47 

points higher than the midpoint of 18. This result suggests that overall, the participants 

have a positive attitude toward mathematics and science at the beginning of PDS I. The 

mean score of the BTMS scale (range 9-45) is almost 14 points higher than the 

midpoint of 27. Participants who score highly on this scale are oriented toward 

constructivist methodologies in the teaching of mathematics and science. This result 
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suggests that at the beginning of PDS I, participants as a whole were favorably oriented 

toward reform-based practices in the teaching of mathematics and science. The mean 

score of 13.99 for the ATMS scale (range 4-20) is almost 2 point above the midpoint of 

12. The ATMS measures participant confidence to teach mathematics and science and 

to integrate the two subjects. This result suggests that, in general, participants were 

fairly confident in their ability to teach mathematics and science at the beginning of PDS 

I. The mean score of 8.86 for the AUTMS scale (range 2-10) suggests that participants 

have a very positive orientation toward learning to use technology to teach mathematics 

and science at the beginning of PDS I.    

The Cronbach alpha values for the subscales in the present study are consistent 

with values reported in the original instrument validation study (McGinnis et al., 1997). 

The Cronbach alpha values for the BMS, AMS, and AUTMS subscales exceed the 

commonly accepted .80 cutoff value (Nunnally, 1978). The Cronbach alpha values for 

the BTMS (α = 0.56) and ATMS (α = 0.62) subscales are below the exploratory 

standard of 0.70 for instrument development suggested by Nunnally (1978). However, 

the constructs that these scales measure (beliefs about the teaching of mathematics 

and science and attitudes towards learning to teach mathematics and science) are an 

important area of pre-service teacher attitudes and beliefs explored in the present study. 

As a result, the decision was made to retain these subscales as variables in the present 

study. A discussion of the implications of this practice occurs in Chapter 5. The variation 

of scores on each subscale is sufficient to be included in the covariate analyses 

conducted in Step 1. 
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Dependent Variables 

 The dependent variables for the present study are personal efficacy beliefs about 

ability to teach mathematics and science. Since efficacy beliefs are latent variables, 

these beliefs are estimated using participants’ scores on the Mathematics Teaching 

Efficacy Beliefs Instrument-revised (MTEBI-r) (Eddy & Ward, 2009) and the Science 

Teaching Efficacy Beliefs Instrument, Form B (Bleicher, 2004). Each of these 

instruments is comprised of two subscales. The negatively worded questions in each 

subscale were reverse coded prior to analysis. A missing value analysis (MVA) run in 

SPSS 15.0 revealed that individual missing items are MAR. Missing values were 

computed using the expectation-maximization (EM) algorithm (Little & Rubin, 1987) for 

imputing data. Subscale totals were then computed. Table 4.6 presents descriptive and 

inferential statistics for the MTEBI-r and the STEBI-B subscale scores at the beginning 

of PDS I.      

Table 4.6  
 
Means, Standard Deviations, Variances, Cronbach Alpha Values, and Confidence 
Intervals for the MTEBI-r and the STEBI-B  Scales at the Beginning of PDS I (N=111) 
 

Scale M SD Var. α 
CI 

(95%) 
MTEBI-r      
 Personal Mathematics Teaching Efficacy       

(PMTE) 
50.29 7.40 54.83 .88 .85-.91 

 Mathematics Teaching Outcome Expectancy 
(MTOE) 
 

37.04 4.66 21.69 .77 .70-.83 

STEBI-B      
 Personal Science Teaching Efficacy       (PSTE) 

 
48.09 8.29 68.78 .91 .89-.94 

 Science Teaching Outcome Expectancy (STOE) 36.93 4.94 24.35 .86 .82-.90 
 

 The mean scores for the personal efficacy subscales (PMTE M = 50.29; PSTE M 

= 48.09) indicate that participants in the present study were slightly more efficacious in 
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mathematics than science (range 13-65) at the beginning of PDS I. The mean scores 

for the outcome expectancy subscales (MTOE M = 37.04; STOE M = 36.93) show that 

participants were essentially the same in their efficacy in outcome expectations at the 

beginning of PDS I. 

 The Cronbach alpha values for the subscales in the present study are consistent 

with values reported in the previous instrument validation studies (Bleicher, 2004; 

Enochs et al., 2000). The Cronbach alpha values for the PMTE (α = 0.88), PSTE (α = 

0.91), and STOE (α = 0.86) subscales exceed the commonly accepted 0.80 cutoff value 

(Nunnally, 1978). The Cronbach alpha score for the MTOE subscale (α = 0.77) is below 

this common cut-off value. Many efficacy studies (Bleicher, 2004; Enochs & Riggs, 

1990; Enochs et al., 1995; Richardson & Ling, 2008; Utley, Mosely, & Bryant, 2005) 

have reported Cronbach alpha values below the commonly accepted 0.80 cutoff value 

on the outcome expectancy scales. In keeping with previous efficacy studies, the MTOE 

subscale was retained as an outcome variable in the present study. A discussion of the 

implications of this practice occurs in Chapter 5. 

Summary of Preliminary Data Analysis 

 This step used descriptive and inferential statistics to examine the data collected 

in the present study. Before moving on to the next step, some important findings are 

worth noting. First, the problems associated with data collection in the second round 

resulted in the modification of the study to one involving two time- points, as opposed to 

the original three time-points. Second, the variance in gender is insufficient to be 

included as a covariate in the latent class and latent transition analyses. Thus, the 

findings of previous efficacy studies (Bleicher, 2004; Riggs, 1991) indicating that gender 
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is a statistically significant predictor of teacher efficacy cannot be corroborated in the 

present study. Third, only variables with complete data (n = 111) are considered in both 

the latent class and final latent transition models. These variables include K-12 math 

experiences, college math experiences, and all of the ABNTMS subscales. Variables 

with incomplete data (K-12 science experiences, college science experiences, high 

school and college variables, and teacher perception variables) are only considered in 

the latent class analyses. The inclusion of variables with incomplete data in the final 

latent transition model results in a reduction of the n of the final models. Given the 

already small n of the present study, the more practical course of action is to analyze 

latent transition models with an intact n, as opposed to analyzing latent transition 

models with a considerably reduced n due to missing data. However, all of the above 

variables are considered in the latent class analyses as possible predictors of efficacy 

class membership. Results from the latent class analyses are compared to teacher 

efficacy studies that found previous coursework (Bleicher, 2004; Enochs et al., 1995) 

and previous school experiences (Bleicher, 2004; Ginns & Watters, 1990; Watters & 

Ginns, 1995) to be statistically significant covariates of teacher efficacy. The teacher 

perception variable (as measured by the Teacher Perception Scale) is a new variable to 

the study of teacher efficacy. A discussion of recommendations concerning the future 

use of the teacher perception variable in teacher efficacy studies occurs in Chapter 5.   

  Step 1: Study LCA Model Alternatives for Each Time Point 

Step 1 involves the judicious selection of a model that accurately describes the 

construct of mathematics and science teaching efficacy in pre-service elementary 

teachers. A series of class models for each construct are fit to determine the 
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appropriate number of classes that best fits the data for each time-point in the study. 

The goal is to determine which class model provides the best-fit and most meaningful 

results for each time-point under consideration. 

 Since there were four outcome variables observed at each time-point (PMTE, 

MTOE, PSTE, and STOE), it was important to determine the best way to analyze the 

data to determine class membership. A Pearson product-moment correlation coefficient 

was computed to assess the relationships between the four efficacy subscales. This 

analysis was conducted to determine whether each subscale should be considered in a 

separate latent class model or in some combination with the other subscales. Table 4.7 

presents the results of this analysis. 

Table 4.7  
 
Intercorrelations for Efficacy Subscales 

 
Measure 1 2 3 4 

Beginning of PDS I     
1. MTOE --    
2. PMTE   .251** --   
3. PSTE .226* .516** --  

 4.  STOE  .810** .321** .345** -- 
 

End of PDS II     
1. MTOE  --    
2. PMTE .356** --   
3. PSTE .416** .768** --  
4. STOE .720** .401** .481** -- 
Note. *p < .05.  **p < .01. MTOE = Mathematics Outcome Expectancy; PMTE = Personal Mathematics 
Teaching Efficacy; PSTE = Personal Science Teaching Efficacy; STOE = Science Teaching Outcome 
Expectancy. 
 
 Results of the analysis indicate a statistically significant correlation between all 

four efficacy subscales for both time points. However, only the correlations between the 

personal efficacy subscales (PMTE and PSTE) and the outcome expectancy subscales 

(MTOE and STOE) had a large effect size (r > .5) (Cohen, 1988). As a result, models 

are fit for two different constructs at each time-point. These two models are the personal 
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teaching efficacy construct (utilizing PMTE and PSTE scores) and the outcome 

expectancy construct (utilizing MTOE and STOE scores).   

Specification of the Latent Class Models 

 This section presents the results of the sequential latent class models fit for each 

efficacy construct (personal teaching efficacy and outcome expectancy). First, class 

models for each construct at both time-points are fit using the appropriate fit indices. 

Second, the Unconditional (single-class) models and the Partially Conditioned (multi-

class) models for each time-point are compared. Finally, assignment of efficacy class 

names occurs. This process utilizes the mean scores of the appropriate subscales to 

categorize the classes. 

 Examination of the Fit Indices 

  There is no one statistic that determines the best fit for a model (Jung & 

Wickrama, 2008). Instead, several types of indices, along with substantive theory are 

used to select the model that best fits the data. Table 4.8 presents the fit indices for the 

series of class models considered for the personal efficacy construct. Simulation studies 

by Nylund, Aspaouhov, and Muthén (2007) indicated that bootstrapped likelihood ratio 

test (BLRT) is the most consistent indicator of classes, followed by the Bayesian 

Information Criterion (BIC). In addition, the entropy measure is useful in determining 

how well the individual classes fit into the entire model. These are the fit indices utilized 

in the present study. 

Model fit results for the beginning of PDS I indicate that the four-efficacy class 

model is the model that best fits the data. In examining the model fit criteria for the four-

efficacy class model versus the three-efficacy class model, the significant BLRT and the 
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lower BIC value indicate that the four-efficacy class model is a better fit to the data than 

the three-efficacy class model. In addition, for the five-efficacy class model versus the 

four-efficacy class model, the non-significant BLRT and the higher BIC suggest that the 

four-efficacy class model is a better fit to the data than a five-efficacy class model. 

Finally, the entropy value (.87) indicates that each of the individual classes in the four-

efficacy class model is a relatively good fit to the model as a whole.   

Table 4.8  
 
Goodness-of-Fit Indices for Personal Teaching Efficacy Construct Class Models (N = 
111)  

 
Model BLRT BIC Entropy 

Beginning of PDS I    
1-class -- 1560.94 -- 
2-classes 0.00* 1551.62 0.51 
3-classes 0.00* 1540.14 0.83 
4-classes 0.00* 1537.76 0.87 
5-classes           0.35 1545.85 0.83 

 
End of PDS II    

1-class -- 1484.14 -- 
2-classes 0.00* 1445.55 0.88 
3-classes 0.00* 1419.17 0.78 
4-classes 0.00* 1409.25 0.85 
5-classes           0.06 1406.49 0.88 

Note. * p < .05 Personal Efficacy = PMTE and PSTE scores; BLRT = Bootstrapped Likelihood Ratio Test; 
BIC = Bayesian Information Criterion Value; --Indicates that the value was not available for the model. 
 

Model fit results for the end of PDS II also indicate that the four-efficacy class 

model is the model that best fits the data. In examining the model fit criteria for the four-

efficacy class model versus the three-efficacy class model, the significant BLRT and the 

lower BIC value indicate that the four-efficacy class model is a better fit to the data than 

the three-efficacy class model. In addition, for the five-efficacy class model versus the 

four-efficacy class model, the non-significant BLRT suggests that the four-efficacy class 

model is a better fit to the data than a five-efficacy class model. Even though the BIC is 

slightly lower for the five-efficacy class model than the four efficacy-class model, this is 



 

114 

not enough evidence to support a five-efficacy class model in light of the non-significant 

BLRT. Finally, the entropy value (.85) indicates that each of the individual classes in the 

four-efficacy class model is a relatively good fit to the model as a whole.   

Table 4.9 presents the fit indices for the series of class models considered for the 

outcome expectancy construct. Model fit results for the beginning of PDS I indicate that 

the six-efficacy class model is the model that best fits the data.  

Table 4.9  
 
Goodness-of-Fit Indices for Outcome Expectancy Construct Class Models (N = 111) 

 
 Model BLRT BIC Entropy 

Beginning of PDS I    
1-class -- 1342.74  -- 
2-classes  0.00* 1307.02  0.66  
3-classes  0.00* 1278.63 0.82   
4-classes  0.01* 1278.97  0.79  
5-classes  0.00* 1277.03 0.83  
6-classes  0.02* 1279.15 0.87 
7-classes 0.31   1283.59 0.84 

 
End of PDS II    

1-class -- 1153.36  -- 
2-classes  0.00* 1132.60 0.67  
3-classes  0.00* 1109.35  0.84  
4-classes  0.00* 1107.14 0.86  
5-classes 0.16 1112.63 0.87  
Note. * p < .05 Outcome Expectancy = MTOE and STOE scores; BLRT = Bootstrapped Likelihood Ratio 
Test; BIC = Bayesian Information Criterion Value; -- indicates that the value was not available for the 
model. 

 

In examining the model fit criteria for the six-efficacy class model versus the five-

efficacy class model, the significant BLRT indicate that the six-efficacy class model is a 

better fit to the data than the five-efficacy class model. In addition, for the seven-efficacy 

class model versus the six-efficacy class model, the non-significant BLRT and the 

higher BIC suggest that the six-efficacy class model is a better fit to the data than a 

seven-efficacy class model. Of note is the fact that the BIC values for the 3-class, 4-
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class, 5-class, and 6-class model are all very close together. A simulation study by 

Yang (2006) found that BIC tends to underestimate the number of classes present in a 

small sample size. Therefore, the fact that the BIC for the 6-class model is slightly 

higher than the 3, 4, and 5 class models is not significant. Finally, the entropy value 

(.87) indicates that each of the individual classes in the six-efficacy class model is a 

relatively good fit to the model as a whole.  

Model fit results for the end of PDS II indicate that the four-efficacy class model is 

the model that best fits the data. In examining the model fit criteria for the four-efficacy 

class model versus the three-efficacy class model, the significant BLRT and the lower 

BIC value indicate that the four-efficacy class model is a better fit to the data than the 

three-efficacy class model. In addition, for the five-efficacy class model versus the four-

efficacy class model, the non-significant BLRT and the higher BIC suggest that the four-

efficacy class model is a better fit to the data than a three-efficacy class model. Finally, 

the entropy value (.86) indicates that each of the individual classes in the four-efficacy 

class model is a relatively good fit to the model as a whole.     

Comparison of the Unconditional and Partially Conditioned Models  

At this point in the analysis, the partially conditioned latent class models are 

specified. In a large LTA study (n > 500) (e.g. Nylund, 2007), it would be appropriate to 

interpret the classes at this point. This would include examining the conditional item 

probabilities for each outcome item to attach substantive meaning to the classes. This is 

possible in a large-scale study because even though the addition of covariates would 

change the composition of the classes somewhat, it would not substantively change the 

make-up of the classes. However, given the small n of the present study, and the fact 
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that the addition of covariates will likely change the composition of the classes, an 

examination of the conditional item probabilities occurs after the addition of covariates 

to the latent class models.   

In order to provide the reader with some context of what has occurred thus far in 

the model specification process, Tables 4.10 and 4.11 present a comparison of the 

unconditional (single-class) model versus the partially conditioned (multi-class) model 

for the Personal Teaching Efficacy and Outcome Expectancy constructs.   

Table 4.10  
 
Means, Standard Deviations, and Variances for Outcome Variables in the Unconditional 
and Partially Conditioned Latent Class Models for the Personal Teaching Efficacy 
Construct 
 
Model PMTE  PSTE 

Beginning of PDS I M SD Var.  M SD Var. 
Unconditional Model (n=111) 50.29 7.40 54.83  48.09 8.29 68.78 
        
Partially Conditioned Model (n=111)        
     Class 1 (n=13) 36.38 3.36 11.28  39.76 6.07 36.90 
     Class 2 (n=73) 49.91 4.00 16.02  47.66 5.02 25.18 
     Class 3 (n=4) 52.25 3.30 10.91  27.75 5.19 26.92 
     Class 4 (n=21) 59.81 3.64 13.26  58.62 4.07 16.55 
        

End of PDS II        
Unconditional Model (n=111) 56.83 6.86 47.06  55.30 6.33 40.13 
        
Partially Conditioned Model (n=111)        
     Class 1 (n=4) 36.25 4.50 20.25  38.50 8.70 75.67 
     Class 2 (n=12) 47.50 3.07   9.44  48.51 3.38 11.43 
     Class 3 (n=58) 55.89 2.81   7.87  54.34 3.35 11.21 
     Class 4 (n=37) 63.54 1.72   2.94  60.82 3.92 15.34 

 
 
An examination of Table 4.10 reveals several interesting patterns. First, a 

comparison of the mean scores from the unconditional models reveals that personal 

teaching efficacy increased over the course of the treatment. In the present study, the 

treatment is the methods semester and the student teaching semester. In addition, the 

mean scores for PMTE and PSTE are within about 2 points of each other at both time 
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points. An examination of the means scores from the partially conditioned models 

indicates a similar pattern for each individual class, namely that PMTE and PSTE mean 

scores at each time point are within 1-4 points of each other, with the notable exception 

of class 3 at the beginning of PDS I. This class is unique from the other in that the 

PMTE score is considerably higher than the PSTE score. The classes range in size 

from 4-73.   

Table 4.11  
 
Means, Standard Deviations, and Variances for Outcome Variables in the Unconditional 
and Partially Conditioned Latent Class Models for the Outcome Expectancy Construct 
 
Model MTOE  STOE 

Beginning of PDS I M SD Var.  M SD Var. 
Unconditional Model (n=111) 37.04 4.66 21.69  36.93 4.94 24.35 
        
Partially Conditioned Model (n=111)        
     Class 1 (n=8) 28.82 2.24 5.02  27.38 2.26   5.13 
     Class 2 (n=32) 33.47 2.29 5.23  33.32 2.09   4.37 
     Class 3 (n=48) 37.80 1.73 3.00  38.35 1.80   3.23 
     Class 4 (n=2) 41.50 0.71 0.50  30.50 0.71   0.50 
     Class 5 (n=19) 42.84 2.12 4.47  42.74 1.59   2.54 
     Class 6 (n=2) 49.50 0.71 0.50  50.00 0.00   0.00 
        

End of PDS II        
Unconditional Model (n=111) 37.79 2.95 8.70  38.11 3.32 11.02 
        
Partially Conditioned Model (n=111)        
     Class 1 (n=3) 30.00 2.00 4.00  31.33 2.08   4.33 
     Class 2 (n=31) 35.13 1.50 2.24  34.98 2.13   4.54 
     Class 3 (n=70) 38.69 1.43 2.06  39.18 1.78   3.18 
     Class 4 (n=7) 44.00 1.41 2.00  44.29 3.20 10.23 

 

An examination of Table 4.11 also reveals some interesting patterns. A 

comparison of the mean scores from the unconditional models reveals very little change 

in the mean scores of the MTOE and STOE from the beginning of the methods 

semester to the end of the student teaching semester. An examination of the mean 

scores for each class in the partially conditioned models reveals that the MTOE and 

STOE scores for each class are generally within a point of each other, with the notable 
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exception of class 5 at the beginning of PDS I. This class is unique from the other in that 

the MTOE score is considerably higher than the STOE score. The classes range in size 

from 2-70. 

Proposed Model for Interpreting Efficacy Scores  

The partially conditioned models presented in Tables 4.10 and 4.11 are listed in 

ordinal form, meaning the mean scores on the outcome variables (PMTE and PSTE or 

MTOE and STOE) are used to rank the classes from least to greatest. Several efficacy 

studies (Bursal & Paznokas, 2006; Ginns & Watters, 1990; Gresham, 2008;) present 

low and high efficacy in this fashion, with lower scores categorized as low efficacy and 

higher scores categorized as high efficacy. However, these studies do not present a 

logical rationale for calling these classes low and high efficacy. This method of 

assigning class membership overlooks the fact that efficacy scores are based on item 

responses, and that the values assigned to these responses can be used to assign 

meaning to an efficacy score. In addition, the multiple efficacy class models presented 

in the present study require a way to interpret efficacy scores to a greater level of 

specificity. The cut scores to categorize efficacy scores in the study by Ginns and 

Watters (1990) served as a starting point for determining the method for interpreting 

efficacy scores utilized in the present study. 

As previously noted, the MTEBI-r and STEBI-B utilize a 5-point Likert-type scale 

to assess efficacy. Response options are: 1 = strongly disagree, 2 = disagree, 3 = 

uncertain, 4 = agree, and 5 = strongly agree. Negatively worded items are reverse 

coded for analysis to ensure that the high score on each item has the same meaning. 

The possible range of scores for the Personal Teaching Efficacy (PTE) subscales 
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(PMTE and PSTE) is 13-65 and the possible range of scores for the Outcome 

Expectancy (OE) subscales (MTOE and STOE) is 10-50. 

Table 4.12 presents the classification system used in the present study to 

categorize efficacy scores into classes. The values in the table were purposefully 

chosen, using the response choice value as a basis for the classification system. 

Efficacy scores are broken into three main categories: low, moderate, and high efficacy. 

Each category is then further sub-divided into three sub-groups. These sub-groups are 

necessary to discuss the sometimes subtle changes in efficacy that occurred in the 

present study. 

Table 4.12  
 
Class Interpretation Scores for Personal Efficacy and Outcome Expectancy Scores 

 
 Range of Scores 
Efficacy Level Personal Efficacy  Outcome Expectancy 
Low Efficacy 13-39  10-30 
 Extremely Low Efficacy <22  <17 
 Very Low Efficacy 22-29  17-21 
 Low Efficacy 30-39  22-30 

 
Moderate Efficacy 40-52  31-40 
 Low Moderate Efficacy 40-43  31-33 
 Moderate Efficacy 44-47  34-37 
 High Moderate Efficacy 48-52  38-40 

 
High Efficacy 53-65  41-50 
 High Efficacy 53-57  41-44 
 Very High Efficacy  58-62  45-47 
 Extremely High Efficacy >62  >48 
Note: Personal efficacy scores are based on PMTE or PSTE results. Outcome Expectancy scores are 
based on MTOE or STOE results 
 

Efficacy scores with a range of 13-39 for PE subscales and 10-30 for the OE 

subscales comprise the low efficacy classes. The top cut values of 39 for PE and 30 for 

OE were based on the idea that to achieve this score, on average a respondent would 

have to answer “uncertain” to every item on the scale. The range of scores for the low 
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efficacy category was further sub-divided approximately into thirds. The “extremely low 

efficacy” category represents an average response consisting primarily of “strongly 

disagree” and “disagree” responses. The “very low efficacy” category represents an 

average response consisting of primarily “disagree” and “uncertain” responses. The “low 

efficacy” category represents an average response of primarily “uncertain.”  

 Efficacy scores with a range of 40-52 for PE subscales and 31-40 for the OE 

subscales comprise the moderate efficacy classes. The top cut values of 52 for PE and 

40 for OE were based on the idea that to achieve this score, on average a respondent 

would have to answer “agree” to every item on the scale. The range of scores for the 

moderate efficacy category was further sub-divided approximately into thirds. The “low 

moderate efficacy” category represents an average response consisting primarily of 

“uncertain” responses and a few “agree” responses. The “moderate efficacy” category 

represents an average response consisting of approximately an equal number of 

“uncertain” and “agree” responses. The “high moderate efficacy” category represents an 

average response of primarily “agree.” 

 Efficacy scores with a range of 53-65 for PE subscales and 41-50 for the OE 

subscales comprise the high efficacy classes. The bottom cut values of 53 for PE and 

41 for OE were based on the idea that to achieve this score, on average a respondent 

would have to answer “strongly agree” to one item on the scale and “agree” to every 

other item on the scale. The range of scores for the high efficacy category was further 

sub-divided approximately into thirds. The “high efficacy” category represents an 

average response consisting primarily of “agree” responses and a few “strongly agree” 

responses. The “very high efficacy” category represents an average response 
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consisting of approximately an equal number of “agree” and “ strongly agree” 

responses. The “extremely high efficacy” category represents an average response of 

primarily “strongly agree.”  

 Table 4.13 categorizes the efficacy classes from the partially conditioned models 

utilizing the efficacy class categorizations presented in Table 4.12.    

Table 4.13 
 
Efficacy Class Categorization for the Personal Teaching Efficacy and Outcome 
Expectancy Constructs Based on the Partially Conditioned Model Results 
 

Personal Teaching Efficacy Construct 
Beginning of PDS I  PMTE PSTE 
Class 1 (n=13) Low Math/Low Science  36.38 39.76 
Class 2 (n=73) High Moderate Math/Moderate Science  49.91 47.66 
Class 3 (n=4) High Moderate Math/Very Low Science  52.25 27.75 
Class 4 (n=21) Very High Math/Very High Science  59.81 58.62 
    
End of PDS II    
Class 1 (n=4) Low Math/Low Science 36.25 38.50 
Class 2 (n=12) Moderate Math/High Moderate Science 47.50 48.51 
Class 3 (n=58) High Math/High Science 55.89 54.34 
Class 4 (n=37) Extremely High Math/Very High Science 63.54 60.82 
    

Outcome Expectancy Construct  
Beginning of PDS I MTOE STOE 
Class 1 (n=8) Low Math/Low Science 28.82 27.38 
Class 2 (n=32) Low Moderate Math/Low Moderate Science 33.47 33.32 
Class 3 (n=48) Moderate Math/High Moderate Science 37.80 38.35 
Class 4 (n=2) High Math/Low Science 41.50 30.50 
Class 5 (n=19) High Math/High Science 42.84 42.74 
Class 6 (n=2) Extremely High Math/Extremely High Science 49.50 50.00 
    
End of PDS II    
Class 1 (n=3) Low Math/Low Moderate Science 30.00 31.33 
Class 2 (n=31) Moderate Math/Moderate Science 35.13 34.98 
Class 3 (n=70) High Moderate Math/High Moderate Science 38.69 39.18 
Class 4 (n=7) High Math/High Science 44.00 44.29 
    
 

This section presents a method for naming the efficacy classes based on the 

meaning of the item responses. This contrasts previous efficacy research, which 

categorizes efficacy as low or high based on an ordinal ranking of scores. Although final 
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categorization of classes occurs in Step 4, tentative assignment of class names at this 

point facilitates discussion of the effect of covariates on efficacy class membership.  

Summary 

    An examination of the unconditional and partially conditioned is an important 

step in specifying the final LCA models for the PTE and OE constructs. This process 

allows for the determination of the number of classes that best fit the data at each time-

point in the present study. In addition, a rationale for naming the resulting efficacy 

classes was presented. The next step in the model building process is the addition of 

covariates to the LCA models.  

Covariates in the Measurement Model 

 A latent class measurement model is not fully conditioned until the effect of 

covariates on class membership is considered (Jung & Wickrama, 2008). For the 

present study, three sets of covariates are examined to determine their impact on 

efficacy class membership: (1) mathematics background variables, (2) science 

background variables, and (3) attitudes and beliefs variables. The impact of these 

covariates is considered for each efficacy construct (PTE and OE) at each time-point in 

the study (beginning of PDS I and end of PDS II) separately. In each of the following 

analyses, the highest efficacy class in the model serves as the reference class.  

The logistic regression coefficient (logit) value indicates the amount of change 

expected in the log odds value, given a one-unit change in the predictor variable (UCLA, 

n.d.). A coefficient with a value close to zero suggests that the predictor variable has no 

impact on the outcome. As with other types of statistical values, it is important to assess 

the practical value of a finding, in addition to the statistical significance of the finding. 
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Odds ratios are a form of effect size in logistic regression, and describe the strength of 

association between data values (Mosteller, 1968). Covariates with statistically 

significant z-scores (p < .05) are interpreted in relation to the reference class using odds 

ratios (Agresti, 1996). The odds ratio is calculated by taking the exponential of the logit 

(Nylund, 2007). A ratio represents a comparison of two values by division; therefore, a 

value of 1.0 for an odds ratio implies perfect similarity between the two groups (Simon, 

2001). Any movement away from 1.0 implies variation between the two groups. 

Therefore, the larger the deviation is from 1.0, the greater the dissimilarity between the 

groups. However, it is important to understand that ratios are skewed measures; in 

effect, values less than 1.0 are compressed, as compared to values greater than one. 

For example, a ratio of 0.75 (3/4) on the low end is equivalent to a ratio of 1.33 (4/3) on 

the high end.   

To assess effect size in logistic regression, the confidence interval surrounding 

the odds ratio is calculated. If the confidence interval for the odds ratio includes the 

value of 1.0, this implies that the covariate is independent of the outcome variable. For 

example, if an odds ratio of 0.90 has a 95% confidence interval with a range of 0.82 – 

1.2, the effect of the covariate would not imply a difference in the likelihood of being in 

the reference class versus the comparison class. Odds ratios above 1.0 imply that the 

effect is more likely for the reference class whereas odds ratios below 1.0 imply that the 

effect is more likely for the comparison class. Another important point to consider when 

interpreting odds ratios is the whether the sample size is adequate. If the confidence 

interval contains the values of 1.0 and 2.0 (or 1.0 and 0.5), the sample size is 
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inadequate (Simon, 2001). These values indicate a lack of precision, since both the null 

effect (1.0) and a doubling effect (2.0 or 0.5) are plausible with the data. 

Personal Teaching Efficacy Covariates at the Beginning of PDS I 

This section presents the results of analyses conducted on the impact of 

covariates on PTE at the beginning of PDS I. Results from the mathematics background 

variables, science background variables, and attitudes and beliefs variables analyses 

are presented in separate tables. Table 4.14 presents the results of the mathematics 

background variable analyses for the PTE construct at the beginning of PDS I. An alpha 

level of .05 was used for all analyses.   

Table 4.14  
 
Logistic Regression Coefficients and Odds Ratios For The 4-Class Personal Efficacy 
Model at the Beginning of PDS I with Mathematics Background Variables as Covariates 
Using the Very High Math/Very High Science Class as the Reference Class 
 

Variable Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LS 
Mathematics Coursework       
   # of HS Math Courses Taken      
   (n=83) 

    -0.37  0.57   -0.66  0.51 0.69 0.23-2.08 

   # of College Courses Taken  
   (n=90) 

   1.42 0.80  1.77 0.08 4.15 0.86-20.06 

Mathematics Experience       
   K-12 Experience (n=111)    -4.50 1.50  -3.00 <0.01* 0.01 0.00-0.21 
   College Experience (n=111)    -3.76 1.32   -2.84  <0.01* 0.02 0.00-0.31 
Mathematics Teacher Perceptions  
   (n=107) 
 

   -0.45 0.15  -3.09 <0.01* 0.64 0.48-0.85 

HMM/MS 
Mathematics Coursework       
   # of HS Math Courses Taken      
   (n=83) 

    -0.09 0.37   -0.25  0.80 0.91 0.44-1.88 

   # of College Courses Taken  
   (n=90) 

    0.55  0.66   0.83  0.41 1.73 0.48-6.27 

Mathematics Experience       
   K-12 Experience (n=111)     -435.31 0.00  0.00 1.00 ** ** 
   College Experience (n=111)     -0.96 1.24  -0.78 0.44 0.38 0.03-4.36 
Mathematics Teacher Perceptions  
   (n=107) 
 

    -0.23  0.11   -2.17  0.03* 0.79 0.64-0.98 

 (table continues) 
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Table 4.14 (continued). 

Variable Logit S.E. Z-score 
P-

value 
Odds 
Ratio 95% CI 

HMM/VLS 
Mathematics Coursework       
   # of HS Math Courses Taken      
   (n=83) 

    -0.42 0.29   -1.43  0.15  0.66 0.37-1.17 

   # of College Courses Taken  
   (n=90) 

   1.56 0.72   2.22  0.03* 4.93 1.20-20.21 

Mathematics Experience       
   K-12 Experience (n=111)    13.13 0.00     0.00  1.00 ** ** 
   College Experience (n=111)    22.50 0.00     0.00  1.00 ** ** 
Mathematics Teacher Perceptions  
   (n=107) 
 

     0.09 0.11     0.84  0.40 1.10 0.89-1.36 

Note. *p < .05, ** values are incalculable due to invariance in the comparison class, LM/LS = low 
math/low science class, HMM/MS = high moderate math/moderate science class, HMMVLS = high 
moderate math/very low science class 
  

An examination of Table 4.14 reveals that four mathematics background 

covariates are statistically significant predictors of class membership for at least one 

class in the PTE construct at the beginning of PDS I. These values are statistically 

significantly different from the covariate values of the reference class (Very High 

Math/Very High Science). These variables represent the number of college 

mathematics courses taken, K-12 mathematics experience, college mathematics 

experience, and mathematics teacher perceptions.   

The number of college mathematics courses taken is a statistically significant 

predictor of class membership for the High Moderate Math/Very Low Science (logit = 

1.56, p < 0.05) compared to the reference class (Very High Math/Very High Science). 

The odds ratio (4.93, CI: 1.20-20.21) indicates that for a one-unit increase in the number 

of mathematics course taken, there is an increase in the odds of being in the Very High 

Math/Very High Science class as compared to the High Moderate Math/Very Low 

Science class. In other words, participants with a higher number of college mathematics 

courses taken have statistically significant higher odds of being in the Very High 
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Math/Very High Science class than the High Moderate Math/Very Low Science class. 

Although research is limited in the examination of the relationship between previous 

mathematics coursework and personal mathematics teaching efficacy, the findings of 

the present study echo the findings of Bleicher (2004), who found a significantly positive 

correlation between personal science teaching efficacy and the number of college 

science courses taken.   

The findings also show that K-12 mathematics experience is a statistically 

significant predictor of class membership for the Low Math/Low Science class (logit = -

4.50, p <0.01) in relation to the reference class (Very High Math/Very High Science). 

The odds ratio (0.01, CI: 0.00-0.21) indicates that for a one-unit increase in the K-12 

mathematics experience value, there is a decrease in the odds of being in the Low 

Math/Low Science class as compared to the Very High Math/Very High Science class. 

These findings suggest that participants with a negative K-12 mathematics experience 

are more likely to be in the Low Math/Low Science efficacy class as compared to the 

Very High Math/Very High Science efficacy class. The college mathematics experience 

(logit = -3.76, p <0.01) had a similar effect on the Low Math/Low Science class 

compared to the reference class. The odds ratio (0.02, CI: 0.00-0.31) indicates that for a 

one-unit increase in the college mathematics experience value, there is a decrease in 

the odds of being in the Low Math/Low Science class as compared to the Very High 

Math/Very High Science class. These findings suggest that participants with a negative 

college mathematics experience are more likely to be in the Low Math/Low Science 

efficacy class as compared to the Very High Math/Very High Science efficacy class. 

Again, although research is limited in the examination of the relationship between 
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previous mathematics experiences and personal mathematics teaching efficacy, the 

findings of the present study echo those of Bleicher (2004) and Watters and Ginns 

(1995), who found significant positive correlations between personal science teaching 

efficacy and school science experiences.   

Further, the findings show that mathematics teacher perceptions were a 

statistically significant predictor of class membership for the Low Math/Low Science 

(logit = -0.45, p <0.01) and the High Moderate Math/Moderate Science (logit = -0.23, p < 

0.05) classes in relation to the reference class (Very High Math/Very High Science). The 

odds ratios for the Low Math/Low Science class (0.64, CI: 0.48-0.85) and the High 

Moderate Math/Moderate Science class (0.79, CI: 0.64-0.98) indicate that for a one-unit 

increase in the mathematics teacher perceptions value, there is a decrease in the odds 

of being in the Low Math/Low Science  or High Moderate Math/Moderate Science class 

as compared to the Very High Math/Very High Science. These findings suggest that 

participants with lower mathematics teacher perception scores are more likely to be in 

lower efficacy classes as compared to the Very High Math/Very High Science efficacy 

class. The research is limited in the examination of the relationship between teacher 

perceptions and personal teaching efficacy. The findings of the present study suggest 

that this relationship warrants further study. None of the other mathematics background 

variables tested had a statistically significant impact on personal teaching efficacy class 

membership at the beginning of PDS I. 

 Table 4.15 presents the results of the science background variable analyses for 

the PTE construct at the beginning of PDS I. An alpha level of .05 was used for all 

analyses. 
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Table 4.15  
 
Logistic Regression Coefficients and Odds Ratios for the 4-Class Personal Efficacy 
Model at the Beginning of PDS I with Science Background Variables as Covariates 
Using the Very High Math/Very High Science Class as the Reference Class 
 

Variable Logit S.E. Z-score p-value 
Odds 
Ratio 95% CI 

LM/LS 
Science Coursework       
   # of HS Courses Taken (n=85) -3.76 1.32 -2.84 <0.01* 0.02 0.00-0.31 
   # of College Courses Taken  
   (n=96) 

0.18 0.73 0.25 0.80 
 

1.20 0.29-5.02 

Science Experience       
   K-12 Experience (n=108)   -1.51  0.94   -1.61  0.10 0.22 0.03-1.45 
   College Experience (n=109)   -1.85 0.96    -1.93     0.05 0.16 0.02-1.03 
Science Teacher Perceptions  
   (n=108) 
 

  -0.32 0.11   -2.95  <0.01* 0.70 0.57-0.88 

HMM/MS 
Science Coursework       
   # of HS Courses Taken (n=85) -0.96 1.24 -0.78 0.44 0.38 0.03-4.36 
   # of College Courses Taken  
   (n=96) 

-0.86 0.80 -1.07 0.28 0.42 0.09-2.04 

Science Experience       
   K-12 Experience (n=108)   -1.27 0.80  -1.59 0.11 0.28 0.06-1.36 
   College Experience (n=109)   -0.87 0.79   -1.10   0.27   0.42 0.09-196 
Science Teacher Perceptions  
   (n=108) 
 

  -0.16  0.09    -1.85     0.06   0.81  0.67-0.97 

HMM/VLS 
Science Coursework       
   # of HS Courses Taken (n=85) 22.50 0.00 0.00 1.00 ** ** 
   # of College Courses Taken  
   (n=96) 

-0.53 1.44 -0.37 0.71 0.59 0.04-9.85 

Science Experience       
   K-12 Experience (n=108)  22.59 0.00   0.00 1.00  ** ** 
   College Experience (n=109)  -2.90  4.04    -0.72   0.47  0.06  0.00-115.12 
Science Teacher Perceptions  
   (n=108) 
 

 -0.13  0.10    -1.28   0.20  0.86  0.71-1.05 

Note. *p < .05, ** values are incalculable due to invariance in the comparison class, LM/LS = low 
math/low science class, HMM/MS = high moderate math/moderate science class, HMMVLS = high 
moderate math/very low science class 
 

An examination of Table 4.15 reveals that two science background covariates 

are statistically significant predictors of class membership for Low Math/Low Science 

class as compared to the covariate values of the reference class (Very High Math/Very 

High Science) for the PTE construct at the beginning of PDS I. These variables 
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represent the number of high school science courses taken and science teacher 

perceptions. The number of high school science courses taken is a statistically 

significant predictor of class membership for the Low Math/Low Science class (logit = -

2.84, p <0.01) as compared to the reference class (Very High Math/Very High Science). 

The odds ratio (0.02, CI: 0.00-0.31) indicates that for a one-unit increase in number of 

high school science courses taken, there is a decrease in the odds of being in the Low 

Math/Low Science class as compared to the Very High Math/Very High Science class. 

Bleicher (2004) reported a similar positive correlation between teacher efficacy and 

previous science coursework.  

In addition, science teacher perceptions are also a statistically significant 

predictor of class membership for the Low Math/Low Science class (logit = -2.95, p 

<0.01) in relation to the reference class (Very High Math/Very High Science). The odds 

ratio for the Low Math/Low Science class (0.70, CI: 0.57-0.88) indicates that for a one-

unit increase in the mathematics teacher perceptions value, there is a decrease in the 

odds of being in the Low Math/Low Science class in relation to the reference class (Very 

High Math/Very High Science). These findings suggest that participants with higher 

science teacher perceptions scores have statistically significantly higher odds of being 

in the Very High Math/Very High Science class compared to the Low Math/Low Science 

class. As mentioned previously, these findings suggest a need for further study of the 

relationship between teacher perceptions and personal teaching efficacy. None of the 

other science background variables tested had a statistically significant impact on 

personal teaching efficacy class membership at the beginning of PDS I. 
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Table 4.16 presents the results of the attitudes and beliefs variable analyses for 

the PTE construct at the beginning of PDS I. An alpha level of .05 was used for all 

analyses. 

Table 4.16  
 
Logistic Regression Coefficients and Odds Ratios for the 4-Class Personal Efficacy 
Model at the Beginning of PDS I with Attitudes and Beliefs Variables as Covariates 
Using the Very High Math/Very High Science Class as the Reference Class 
 

Subscale Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LS 
   BMS -0.22 0.08 -2.72 <0.01* 0.81 0.69-0.94 
   AMS -0.49 0.12 -4.12 <0.01* 0.61 0.49-0.77 
   BTMS -0.10 0.11 -0.96 0.34 0.90 0.73-1.11 
   ATMS -0.72 0.47 -1.54 0.12 0.48 0.19-1.22 
   AUTMS -1.65 0.36 -4.62 <0.01* 0.19 0.10-0.39 
       

HMM/MS 
   BMS -0.23 0.08 -2.85 <0.01* 0.79 0.67-0.93 
   AMS -0.27 0.11 -2.55 <0.01* 0.76 0.62-0.94 
   BTMS -0.12 0.09 -1.29 0.20 0.89 0.74-1.06 
   ATMS -0.34 0.39 -0.86 0.39 0.72 0.33-1.53 
   AUTMS -0.77 0.23 -3.38 <0.01* 0.46 0.29-0.73 
       

HMM/VLS 
   BMS -0.17 0.08 -2.29 <0.01* 0.84 0.72-0.98 
   AMS -0.22 0.14 -1.58 0.11 0.81 0.62-1.05 
   BTMS -0.03 0.09 -0.31 0.76 0.97 0.82-1.15 
   ATMS -0.72 0.42 -1.73 0.08 0.49 0.22-1.10 
   AUTMS -0.75 0.29 -2.57 <0.01* 0.47 0.27-0.84 

Note. *p < .05, LM/LS = low math/low science class, HMM/MS = high moderate math/moderate science 
class, HMMVLS = high moderate math/very low science class, BMS = Beliefs about the nature of 
Mathematics and Science subscale, AMS = Attitudes toward Mathematics and Science subscale, BTMS 
= Beliefs about the Teaching of Mathematics and Science subscale, ATMS =Attitudes toward learning to 
Teach Mathematics and Science subscale, AUTMS = Attitudes toward Using Technology to teach 
Mathematics and Science 
 

An examination of Table 4.16 reveals that three attitude and beliefs covariates 

are statistically significant predictors of class membership for at least one class in the 

PTE construct at the beginning of PDS I. These variables represent beliefs about the 

nature of mathematics and science (BMS), attitudes toward mathematics and science 
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(AMS), and attitudes toward using technology to teach mathematics and science 

(AUTMS).   

The findings indicate that the BMS score is a statistically significant predictor of 

class membership for all three comparison classes (Low Math/Low Science, -0.22; High 

Moderate Math/Moderate Science, -0.23; and High Moderate Math/Very Low Science, -

0.17) in relation to the reference class (Very High Math/Very High Science). These logit 

values are all significant at the p <0.01 level. The odds ratios indicate that for each one-

point increase in the BMS score, the odds of being in the Low Math/Low Science (0.81, 

CI: 0.69-0.94), High Moderate Math/Moderate Science (0.79, CI: 0.67-0.93), or High 

Moderate Math/Very Low Science (0.84, CI: 0.72-0.98) class decreases in relation to 

the reference class. These findings suggest that participants with higher BMS scores 

have statistically significant higher odds of being in the Very High Math/Very High 

Science than the respective comparison class.  

The findings also show that the AMS score is a statistically significant predictor of 

class membership for the Low Math/Low Science (logit = -0.49, p <0.01) and High 

Moderate Math/Moderate Science (logit = -0.27, p <0.01) in relation to the reference 

class. The odds ratios indicate that for each one-point increase in the AMS score, the 

odds of being in the Low Math/Low Science (0.61, CI: 0.49-0.77) or High Moderate 

Math/Moderate Science (0.76, CI: 0.62-0.94) class decreases in relation to the 

reference class. These findings suggest that participants with higher AMS scores have 

statistically significant higher odds of being in the Very High Math/Very High Science 

than the respective comparison class.  
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Further, the findings show that the AUTMS score is a statistically significant 

predictor of class membership for all three comparison classes (Low Math/Low Science, 

-1.65; High Moderate Math/Moderate Science, -0.77; and High Moderate Math/Very 

Low Science, -0.75) in relation to the reference class (Very High Math/Very High 

Science). These logit values are all significant at the p <0.01 level. The odds ratios 

indicate that for each one-point increase in the AUTMS score, the odds of being in the 

Low Math/Low Science (0.19, CI: 0.10-0.39), High Moderate Math/Moderate Science 

(0.46, CI: 0.29-0.73), or High Moderate Math/Very Low Science (0.47, CI: 0.27-0.84) 

class decreases in relation to the reference class. These findings suggest that 

participants with higher AUTMS scores have statistically significant higher odds of being 

in the Very High Math/Very High Science than the respective comparison class. The 

research is limited in the examination of the relationship between attitudes and beliefs 

and personal teaching efficacy. The findings of the present study suggest that this 

relationship warrants further study.  

Personal Teaching Efficacy Covariates at the End of PDS II   

This section presents the results of analyses conducted on the impact of 

covariates on PTE at the end of PDS II. LTA allows for the possibility that time-invariant 

variables (background variables) can have a time-invariant or a time-varying effect on 

class membership. All of the mathematics and science background variables are 

modeled utilizing a time-varying effect. This allows for the possibility that these variables 

affect efficacy class membership differently at the end of PDS II than at the beginning of 

PDS I. Results from the mathematics background variables, science background 

variables, and attitudes and beliefs variables analyses are presented in separate tables.   
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Table 4.17 presents the results of the mathematics background variable analyses 

for the PTE construct at the end of PDS II. An alpha level of .05 was used for all 

analyses.  

Table 4.17  
 
Logistic Regression Coefficients and Odds Ratios for the 4-Class Personal Efficacy 
Model at the End of PDS II with Mathematics Background Variables as Covariates 
Using the Extremely High Math/Very High Science Class as the Reference Class 
 

Variable Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LS 
Mathematics Coursework       
   # of HS Math Courses Taken    
   (n=83) 

   0.75 0.65  1.15 0.25 2.11 0.59-7.53 

   # of College Courses Taken  
   (n=90) 

  -0.82 0.40 -2.02 0.04* 0.44 0.20-0.98 

Mathematics Experience       
   K-12 Experience (n=111) -25.86 0.00  0.00 1.00 ** ** 
   College Experience (n=111) -26.38 0.00  0.00 1.00 ** ** 
Mathematics Teacher Perceptions  
   (n=107) 
 

  -0.12 0.09 -1.32 0.19 0.92 0.82-1.03 

MM/HMS 
Mathematics Coursework       
   # of HS Math Courses Taken    
   (n=83) 

   0.35 0.40  0.87 0.38 1.42 0.65-3.09 

   # of College Courses Taken  
   (n=90) 

  -0.06 0.39 -0.16 0.87 0.94 0.44-2.00 

Mathematics Experience       
   K-12 Experience (n=111)   -1.13 0.97 -1.17 0.24 1.25 0.89-2.30 
   College Experience (n=111)   -1.23 0.76 -0.46 0.65 0.29 0.07-1.30 
Mathematics Teacher Perceptions  
   (n=107) 
 

  -0.01 0.10 -0.02 0.98 1.16 0.99-1.32 

HM/HS 
Mathematics Coursework       
   # of HS Math Courses Taken    
   (n=83) 

   0.32 0.34  0.95 0.34 1.37 0.71-2.65 

   # of College Courses Taken  
   (n=90) 

  -0.13 0.48 -0.28 0.78 0.88 0.35-2.22 

Mathematics Experience       
   K-12 Experience (n=111)   -0.53 0.61 -0.86 0.39 1.16 0.65-2.11 
   College Experience (n=111)    1.23 0.89  1.38 0.17 3.40 0.60-19.29 
Mathematics Teacher Perceptions  
   (n=107) 
 

   0.10 0.11  0.89 0.37 1.02 0.82-1.27 

Note. *p < .05, ** values are incalculable due to invariance in the comparison class, LM/LS = low 
math/low science class, MM/HMS = moderate math/high moderate science class, HM/HS = high 
math/high science class 
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An examination of Table 4.17 reveals that one mathematics background variable 

is a statistically significant predictor of efficacy class membership for the Low Math/Low 

Science class in the PTE construct at the end of PDS II. The number of college 

mathematics courses taken (logit = -0.82, p <0.05) is a statistically significant predictor 

of class membership for the LM/LS class in relation to the reference class (Extremely 

High Math/Very High Science). The odds ratio (0.44, CI: 0.20-0.98) indicates that for a 

one-unit increase in number of college mathematics courses taken, there is a decrease 

in the odds of being in the Low Math/Low Science class as compared to the Extremely 

High Math/Very High Science. In other words, participants with a fewer number of 

college mathematics courses taken are more likely to be in the Low Math/Low Science 

class as compared to the Extremely High Math/Very High Science class. None of the 

other mathematics background variables tested had a statistically significant impact on 

personal teaching efficacy at the end of PDS II.  

Of additional note in Table 4.17 are the logit values for K-12 mathematics 

experience (-25.86) and college mathematics experience (-26.38) for the Low Math/Low 

Science class. These large logit values indicate invariance in the previous mathematics 

experience scores of the participants in the Low Math/Low Science class. In other 

words, all participants in this class provided the same response to these items. The 

negative sign of the logit values indicates that all participants in the Low Math/Low 

Science class reported their K-12 and college mathematics experiences as negative. A 

lack of variance in either the comparison class or the reference class results in an odds 

ratio that is indeterminate. 
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Table 4.18 presents the results of the science background variable analyses for 

the PTE construct at the end of PDS II. An alpha level of .05 was used for all analyses. 

Table 4.18  
 
Logistic Regression Coefficients and Odds Ratios for the 4-Class Personal Efficacy 
Model at the End of PDS II with Science Background Variables as Covariates Using the 
Extremely High Math/Very High Science Class as the Reference Class 
 

Variable Logit S.E. Z-score p-value 
Odds 
Ratio 95% CI 

LM/LS 
Science Coursework       
   # of HS Courses Taken (n=85)    0.77 0.33  2.31 0.02* 2.26 1.07-4.78 
   # of College Courses Taken  
   (n=96) 

   0.73 0.74  0.99 0.32 1.68 0.37-7.67 

Science Experience       
   K-12 Experience (n=108)    0.03 1.33  0.02 0.98 1.03 0.08-13.86 
   College Experience (n=109)  -25.52 0.00  0.00 1.00 ** ** 
Science Teacher Perceptions  
   (n=108) 
 

  -0.14 0.10 1.47 0.14 1.54 0.67-4.23 

MM/HMS 
Science Coursework       
   # of HS Courses Taken (n=85)   -0.30 0.24 -1.23 0.22 0.87 0.50-1.49 
   # of College Courses Taken  
   (n=96) 

   0.22 0.41 0.52 0.60 
 

0.84 0.29-2.43 

Science Experience       
   K-12 Experience (n=108)   -0.12 0.67 -0.17 0.87 0.89 0.24-3.28 
   College Experience (n=109)   -0.05 0.64 -0.09 0.93 0.95 0.27-3.30 
Science Teacher Perceptions  
   (n=108) 
 

  -0.04 0.10 -0.39 0.70 0.89 0.34-2.68 

HM/HS 
Science Coursework       
   # of HS Courses Taken (n=85)    0.13 0.21 0.64 0.52 1.20 0.71-2.02 
   # of College Courses Taken  
   (n=96) 

  -0.09 0.34 -0.25 0.80 0.76 0.32-1.78 

Science Experience       
   K-12 Experience (n=108)    0.43 0.64  0.67 0.50 1.54 0.44-5.36 
   College Experience (n=109)    0.98 0.65 -0.09 0.93 2.67 0.74-9.59 
Science Teacher Perceptions  
   (n=108) 
 

   0.07 0.10  0.66 0.51 0.34 0.02-0.87 

Note. *p < .05, ** values are incalculable due to invariance in the comparison class, LM/LS = low 
math/low science class, MM/HMS = moderate math/high moderate science class, HM/HS = high 
math/high science class 
 

An examination of Table 4.18 reveals that one science background variable is a 

statistically significant predictor of efficacy class membership for the Low Math/Low 
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Science class at the end of PDS II. The number of high school science course taken 

(logit = -0.77, p <0.05) is a statistically significant predictor of class membership for the 

LM/LS class in relation to the reference class (Extremely High Math/Very High Science). 

The odds ratio (2.26, CI: 1. 70-4.78) indicates that for a one-unit increase in number of 

high school science courses taken, there is an increase in the odds of being in the 

Extremely High Math/Very High Science class as compared to the Low Math/Low 

Science class. In other words, participants with a higher number of high school science 

courses taken have statistically significant higher odds of being in the Extremely High 

Math/Very High Science class as compared to the Low Math/Low Science class. None 

of the other science background variables tested had a statistically significant impact on 

personal teaching efficacy at the end of PDS II.  

As with the previous mathematics experience values, the Low Math/Low Science 

class demonstrated invariance in their report of their college science experience. The 

negative logit value (-25.52) indicates that all of the participants reported their college 

science experience as negative. The findings suggest that participants who are in the 

low efficacy classes at the end of teacher preparation are likely to report negative 

experiences in their previous K-16 mathematics and science experiences. The findings 

of the present study are corroborated by the findings of Bleicher (2004) and underscore 

Bandura’s (1977, 1997) claims about the effect of previous experiences on the 

development of personal efficacy.    

Table 4.19 presents the results of the attitudes and beliefs variable analyses the 

PTE construct at the end of PDS II. An alpha level of .05 was used for all analyses. 
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Table 4.19  
 
Logistic Regression Coefficients and Odds Ratios for the 4-Class Personal Efficacy 
Model at the end of PDS II with Attitudes and Beliefs Variables as Covariates Using the 
Extremely High Math/Very High Science Class as the Reference Class 
 

Subscale Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LS 
   BMS -0.32 0.12 -2.82 <0.01* 0.72 0.58-0.91 
   AMS -0.48 0.19 -2.50   0.01* 0.62 0.42-0.90 
   BTMS -0.66 0.24 -2.73 <0.01* 0.52 0.32-0.83 
   ATMS -1.85 0.89 -2.08   0.04* 0.16 0.03-0.90 
   AUTMS -2.59 0.51 -5.12 <0.01* 0.08 0.03-0.20 
       

MM/HMS 
   BMS -0.17 0.10 -1.79 0.07 0.85 0.70-1.02 
   AMS -0.45 0.14 -3.26 <0.01* 0.64 0.49-0.84 
   BTMS -0.22 0.12 -1.86  0.06 0.80 0.63-1.01 
   ATMS -1.22 0.82 -1.49  0.14 0.30 0.06-1.47 
   AUTMS -1.50 0.34 -4.44 <0.01* 0.22 0.11-0.43 
       

HM/HS 
   BMS -0.11 0.10 -1.11  0.27 0.90 0.74-1.09 
   AMS -0.27 0.11 -2.58 <0.01* 0.76 0.62-0.94 
   BTMS -0.09 0.10 -1.86  0.06 0.92 0.75-1.12 
   ATMS -1.10 0.79 -1.40  0.16 0.33 0.07-1.56 
   AUTMS -1.15 0.33 -3.46 <0.01* 0.32 0.16-0.61 

Note. *p < .05, LM/LS = low math/low science class, MM/HMS = moderate math/high moderate science 
class, HM/HS = high math/high science class , BMS = Beliefs about the nature of Mathematics and 
Science subscale, AMS = Attitudes toward Mathematics and Science subscale, BTMS = Beliefs about the 
Teaching of Mathematics and Science subscale, ATMS =Attitudes toward learning to Teach Mathematics 
and Science subscale, AUTMS = Attitudes toward Using Technology to teach Mathematics and Science 
 

An examination of Table 4.19 reveals that all of the attitude and beliefs 

covariates are statistically significant predictors of class membership for at least one 

class in the PTE construct at the end of PDS II. The findings indicate that the BMS 

score is a statistically significant predictor of class membership for the Low Math/Low 

Science, (logit = -0.32, p <0.05) in relation to the reference class (Extremely High 

Math/Very High Science). The odds ratio (0.72, CI: 0.58-0.91) indicates that for each 

one-point increase in the BMS score, the odds of being in the Low Math/Low Science 

class decreases in relation to the reference class. These findings suggest that 
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participants with higher BMS scores have statistically significant higher odds of being in 

the Extremely High Math/Very High Science class than the Low Math/Low Science 

class.  

The findings indicate that the AMS score is a statistically significant predictor of 

class membership for all three comparison classes (Low Math/Low Science, -0.48; 

Moderate Math/High Moderate Science, -0.45; and High Math/High Science, -0.27) in 

relation to the reference class (Extremely High Math/Very High Science). These logit 

values are all significant at the p <0.01 level. The odds ratios indicate that for each one-

point increase in the AMS score, the odds of being in the Low Math/Low Science (0.62, 

CI: 0.42-0.90), Moderate Math/ High Moderate Science (0.64, CI: 0.49-0.84), or High 

Math/High Science (0.76, CI: 0.62-0.94) class decreases in relation to the reference 

class. In other words, participants with higher AMS scores have statistically significant 

higher odds of being in the Extremely High Math/Very High Science class than the 

respective comparison class.  

In addition, the findings indicate that the BTMS score is a statistically significant 

predictor of class membership for the Low Math/Low Science, (logit = -0.66, p <0.01) in 

relation to the reference class (Extremely High Math/Very High Science). The odds ratio 

(0.52, CI: 0.32-0.83) indicates that for each one-point increase in the BTMS score, the 

odds of being in the Low Math/Low Science class decreases in relation to the reference 

class. These findings suggest that participants with higher BTMS scores have 

statistically significant higher odds of being in the Extremely High Math/Very High 

Science class than the Low Math/Low Science class.  

The findings also show that the ATMS score is a statistically significant predictor 



 

139 

of class membership for the Low Math/Low Science, (logit = -1.85, p <0.05) in relation to 

the reference class (Extremely High Math/Very High Science). The odds ratio (0.16, CI: 

0.03-0.90) indicates that for each one-point increase in the ATMS score, the odds of 

being in the Low Math/Low Science class decreases in relation to the reference class. 

These findings suggest that participants with higher ATMS scores have statistically 

significant higher odds of being in the Extremely High Math/Very High Science class 

than the Low Math/Low Science class.  

Further, the findings show that the AUTMS score is a statistically significant 

predictor of class membership for all three comparison classes (Low Math/Low Science, 

logit = -2.59; Moderate Math/High Moderate Science, logit = -1.50; and High Math/High 

Science, logit = -1.15) in relation to the reference class (Extremely High Math/Very High 

Science). These logit values are all significant at the p <0.01 level. The odds ratios 

indicate that for each one-point increase in the AUTMS score, the odds of being in the 

Low Math/Low Science (0.08, CI: 0.03-0.20), Moderate Math/ High Moderate Science 

(0.22, CI: 0.11-0.43), or High Math/High Science (0.32, CI: 0.16-0.61) class decreases 

in relation to the reference class. These findings suggest that participants with higher 

AUTMS scores have statistically significant higher odds of being in the Extremely High 

Math/Very High Science class than the respective comparison class. As previously 

noted, the research is limited in the examination of the relationship between attitudes 

and beliefs and personal teaching efficacy. The findings of the present study suggest 

that these relationships warrant further study.  

Outcome Expectancy Covariates at the Beginning of PDS I 
 

This section presents the results of analyses conducted on the impact of 
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covariates on outcome expectancy at the beginning of PDS I. Results from the 

mathematics background variables, science background variable, and attitudes and 

beliefs variables are presented in separate tables. Table 4.20 presents the results of the 

mathematics background variable analyses for the OE construct at the beginning of 

PDS I. An alpha level of .05 was used for all analyses.   

Table 4.20  
 
Logistic Regression Coefficients and Odds Ratios for the 6-Class Outcome Expectancy 
Model at the Beginning of PDS I with Mathematics Background Variables as Covariates 
Using the Extremely High Math/Extremely High Science Class as the Reference Class 
 

Variable Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LS  
Mathematics Coursework       
   # of HS Math Courses Taken (n=83)   1.08 0.75   1.44 0.15 2.95 0.68-12.82 
   # of College Courses Taken (n=90)    0.54 1.99    0.27 0.79 1.72 0.04-85.43 
Mathematics Experience       
   K-12 Experience (n=111)   *** *** *** *** *** *** 
   College Experience (n=111)   *** *** *** *** *** *** 
Mathematics Teacher Perceptions    (n=107) 
 

   0.01 0.19    0.05  0.96 1.01 0.70-1.46 

LMM/LMS  
Mathematics Coursework       
   # of HS Math Courses Taken (n=83)    0.66 0.60   1.09 0.28 1.93 0.60-6.24 
   # of College Courses Taken (n=90)    0.55  2.01   0.27 0.79 1.73 0.03-88.75 
Mathematics Experience        
   K-12 Experience (n=111)   *** *** *** *** *** *** 
   College Experience (n=111)   *** *** *** *** *** *** 
Mathematics Teacher Perceptions    (n=107) 
 

   0.04 0.18    0.24 0.81  1.04 0.74-1.47 

MM/HMS  
Mathematics Coursework       
   # of HS Math Courses Taken (n=83)    0.03 0.47    0.06 0.95 1.92 0.77-4.76 
   # of College Courses Taken (n=90)   1.26 1.96    0.64 0.52 3.52 0.08-173.64 
Mathematics Experience       
   K-12 Experience (n=111)    *** *** *** *** *** *** 
   College Experience (n=111)    *** *** *** *** *** *** 
Mathematics Teacher Perceptions  
   (n=107) 
 

  -0.02 0.16   -0.09  0.93 0.99 0.72-1.35 

HM/LS 
Mathematics Coursework       
   # of HS Math Courses Taken (n=83)    0.82  0.60   1.37 0.17 1.03 0.41-2.59 
   # of College Courses Taken (n=90)   -2.35  3.04  -0.77 0.44 0.10 0.00-36.64 
Mathematics Experience       
   K-12 Experience (n=111) *** *** *** *** *** *** 
   College Experience (n=111) *** *** *** *** *** *** 
Mathematics Teacher Perceptions (n=107)    -0.17  0.25   -0.68  0.50 0.84 0.52-1.37 
 (table continues) 
 



 

141 

Table 4.20 (continued). 

Variable Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

HM/HS  
Mathematics Coursework       
   # of HS Math Courses Taken (n=83)   0.65 0.46   1.41 0.16 2.28 0.70-7.38 
   # of College Courses Taken (n=90)   1.26 1.96   0.64 0.52 3.72 0.08-163.74 
Mathematics Experience       
   K-12 Experience (n=111) *** *** *** *** *** *** 
   College Experience (n=111) *** *** *** *** *** *** 
Mathematics Teacher Perceptions  
   (n=107) 
 

   0.04 0.17    0.21  0.83 1.04 0.74-1.45 

Note. *p < .05,  *** values incalculable due to invariance in the reference class, LM/LS = low math/low science 
class, LMM/LMS = low moderate math/low moderate science class, MM/HMS = moderate math/high 
moderate science class, HM/LS = high math/low science class, HM/HS = high math/high science class 
 

An examination of Table 4.20 reveals that none of the mathematics background 

variables were statistically significant predictors of outcome expectancy class 

membership at the beginning of PDS I. This finding is consistent with previous teacher 

efficacy research, which has found few variables with correlations to outcome 

expectancy (e.g., Bleicher, 2004). Of note is the fact that values for K-12 and college 

mathematics experiences were not calculated. This is because the reference class 

(Extremely High Math, Extremely High Science, n = 2) had no variance in scores on the 

K-12 and college mathematics experiences variables. Examination of the raw data 

reveals that all reported values for these variables were positive. A lack of variance in 

the reference class renders these values incalculable. 

 Table 4.21 presents the results of the science background variable analyses on 

OE at the beginning of PDS I. An alpha level of .05 was used for all analyses.    

 An examination of Table 4.21 reveals that none of the science background 

variables were statistically significant predictors of outcome expectancy class 

membership at the beginning of PDS I. 
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Table 4.21  
 
Logistic Regression Coefficients and Odds Ratios for the 6-Class Outcome Expectancy 
Model at the Beginning of PDS I with Science Background Variables as Covariates 
Using the Extremely High Math/Extremely High Science Class as the Reference Class 
 
Variable Logit S.E. Z-score P-value 

Odds 
Ratio 95% CI 

LM/LS  
Science Coursework       
   # of HS Courses Taken (n=85) 0.81 0.46 1.76 0.08 2.26 0.91-5.56 
   # of College Courses Taken (n=96) -0.38 0.37 -1.03 0.30 0.68 0.33-1.41 
Science Experience       
   K-12 Experience (n=108) 0.08 1.58 0.05 0.96 1.08 0.05-23.66 
   College Experience (n=109) 0.44 1.61 0.27 0.79 1.55 0.07-36.27 
Science Teacher Perceptions  
   (n=108) 
 

     -0.32   0.43  -0.74   0.46 0.73 0.31-1.69 

LMM/LMS  
Science Coursework       
   # of HS Courses Taken (n=85) 0.40 0.32 1.23 0.22 1.49 0.79-2.80 
   # of College Courses Taken (n=96) -0.18 0.29 -0.61 0.54 0.84 0.48-1.48 
Science Experience       
   K-12 Experience (n=108) 0.70 1.51 0.46 0.65 2.00 0.10-38.88 
   College Experience (n=109) 1.82 1.63 1.12 0.26 6.14 0.25-149.08 
Science Teacher Perceptions  
   (n=108) 
 

   -0.16   0.41   -0.38 0.70 0.85 0.38-1.92 

MM/HMS  
Science Coursework       
   # of HS Courses Taken (n=85) -0.10 0.29 -0.36 0.72 0.90 0.51-1.59 
   # of College Courses Taken (n=96) 0.00 0.19 0.00 1.00 1.00 0.68-1.46 
Science Experience       
   K-12 Experience (n=108) 1.42 1.46 1.66 0.10 4.12 0.24-72.17 
   College Experience (n=109) 1.27 1.49 0.85 0.40 3.56 0.19-65.78 
Science Teacher Perceptions  
   (n=108) 
 

  -0.06 0.41 -0.39 0.70 0.94 0.42-2.10 

HM/LS 
Science Coursework       
   # of HS Courses Taken (n=85) -0.06 0.31 -0.19 0.85 1.49 0.52-1.72 
   # of College Courses Taken (n=96) 0.00 0.01 0.12 0.90 1.00 0.98-1.02 
Science Experience       
   K-12 Experience (n=108) 38.06 0.00 0.00 1.00 ** ** 
   College Experience (n=109) -24.98 0.00 0.00 1.00 ** ** 
Science Teacher Perceptions  
   (n=108) 
 

  -0.22 0.41 -0.53 0.60 0.80 0.36-1.81 

HM/HS  
Science Coursework       
   # of HS Courses Taken (n=85) 0.20 0.30 0.65 0.52 1.22 0.67-2.21 
   # of College Courses Taken (n=96) 0.19 0.36 0.53 0.60 1.21 0.59-2.47 
Science Experience       
   K-12 Experience (n=108) 0.56 1.58 0.05 0.96 1.75 0.08-38.36 
   College Experience (n=109) 0.15 1.61 1.12 0.26 1.17 0.05-27.29 
Science Teacher Perceptions  
   (n=108) 
 

 -0.27 0.42 -0.66 0.51 0.76 0.34-1.72 

Note. *p < .05,  **values incalculable due to invariance in the comparison class, LM/LS = low math/low science class, LMM/LMS = 
low moderate math/low moderate science class, MM/HMS = moderate math/high moderate science class, HM/LS = high math/low 
science class, HM/HS = high math/high science class  
 

Again, these findings are consistent with previous teacher efficacy research, which has 
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found few variables with correlations to outcome expectancy (e.g., Bleicher, 2004). Of 

note in this table is the fact that odds ratios and confidence intervals were not calculated 

for the K-12 and college science experiences for the High Math/Low Science class (n = 

2). This is because there was no variance in the class scores for these variables. A lack 

of variance in the comparison class renders the odds ratio and CI incalculable. The 

positive logit value of 38.06 indicates that all of the participants reported their K-12 

science experience as positive. In contrast, the negative logit value of -24.98 indicates 

that all of the participants reported their college science experience as negative. These 

findings of the present study corroborate the findings of Bleicher (2004) and underscore 

Bandura’s (1977, 1997) claims about the effect of previous experiences on the 

development of personal efficacy. 

Table 4.22 presents the results of the attitudes and beliefs variable analyses on 

OE at the beginning of PDS I. An alpha level of .05 was used for all analyses.    

An examination of Table 4.22 reveals that three of the attitude and beliefs 

covariates were statistically significant predictors of class membership for at least one 

class in the OE construct at the beginning of PDS I. The findings indicate that the AMS 

score is a statistically significant predictor of class membership for the Low Math/Low 

Science class (logit = -0.48, p <0.05) in relation to the reference class (Extremely High 

Math/Extremely High Science). The odds ratio (0.57, CI: 0.37-0.89) indicates that for 

each one-point increase in the AMS score, the odds of being in the Low Math/Low 

Science class, decreases in relation to the reference class. In other words, participants 

with higher AMS scores have statistically significant higher odds of being in the 
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Extremely High Math/Extremely High Science class than the Low Math/Low Science 

class.  

Table 4.22  
 
Logistic Regression Coefficients and Odds Ratios for the 6-Class Outcome Expectancy 
Model at the Beginning of PDS II with Attitudes and Beliefs Variables as Covariates 
Using the Extremely High Math/Extremely High Science Class as the Reference Class 
 

Variable Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LS  
   BMS -1.22 0.70 -1.75 0.08 0.30 0.08-1.16 
   AMS -1.11 0.54 -2.05 0.04* 0.57 0.37-0.89 
   BTMS   -0.20 1.71   -1.14 0.25 0.82 0.59-1.15 
   ATMS *** *** *** *** *** *** 
   AUTMS   -0.44 0.22   -1.95 0.05 0.64 0.45-0.93 
       

LMM/LMS 
   BMS -1.27 0.74 -1.71 0.09 0.28 0.07-1.21 
   AMS -0.92 0.54 -1.70 0.90 0.69 0.45-1.07 
   BTMS   0.07 0.11    0.65  0.52 1.08 0.86-1.34 
   ATMS *** *** *** *** *** *** 
   AUTMS   -0.42 0.15   -2.85 <0.01* 0.66 0.50-0.88 
       

MM/HMS 
   BMS 0.03 0.48 0.06 0.95 1.03 0.40-2.65 
   AMS -0.94 0.54 -1.74 0.08 0.69 0.45-1.06 
   BTMS    0.19 0.09    2.09  0.04*  1.21 1.01-1.44 
   ATMS *** *** *** *** *** *** 
   AUTMS   -0.31 0.15   -2.10 0.04*    0.74 055.-0.99 
       

HM/LS 
   BMS -1.27 0.74 -1.71 0.09 0.28 0.07-1.20 
   AMS -1.21 0.55 -2.21 0.03* 0.52 0.32-0.83 
   BTMS    0.18 0.10    1.69 0.09   1.19 0.97-1.46 
   ATMS *** *** *** *** *** *** 
   AUTMS -33.64 0.00    0.00 1.00 0.45 0.22-0.92 
       

HM/HS 
   BMS -1.25 0.73 -1.71 0.09 0.29 0.07-1.20 
   AMS -1.00 0.54 -1.86 0.06 0.62 0.41-0.94 
   BTMS    0.32 0.19    1.70   0.09 1.38 0.95-1.99 
   ATMS *** *** *** *** *** *** 
   AUTMS   -0.35 0.15   -2.31  0.02*  0.71 0.53-0.94 

Note. *p < .05, *** values incalculable due to invariance in the reference class, LM/LS = low math/low 
science class, LMM/LMS = low moderate math/low moderate science class, MM/HMS = moderate 
math/high moderate science class, HM/LS = high math/low science class, HM/HS = high math/high 
science class, BMS = Beliefs about the nature of Mathematics and Science subscale, AMS = Attitudes 
toward Mathematics and Science subscale, BTMS = Beliefs about the Teaching of Mathematics and 
Science subscale, ATMS =Attitudes toward learning to Teach Mathematics and Science subscale, 
AUTMS = Attitudes toward Using Technology to teach Mathematics and Science 
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In addition, the findings indicate that the BTMS score is a statistically significant 

predictor of class membership for the Moderate Math/High Moderate Science class 

(logit = -0.19, p <0.05) in relation to the reference class (Extremely High Math/Extremely 

High Science). The odds ratio (1.21, CI: 1.01-1.44) indicates that for each one-point 

increase in the BTMS score, the odds of being in the Extremely High Math/Extremely 

High Science increases. These findings suggest that participants with higher BTMS 

scores have statistically significant higher odds of being in the Extremely High 

Math/Extremely High Science class than the Low Math/Low Science class.  

Further, the findings show that the AUTMS score is a statistically significant 

predictor of class membership for three of the comparison classes (Low Moderate 

Math/Low Moderate Science, logit = -0.42, p <0.01; Moderate Math/High Moderate 

Science, logit = -0.31, p <0.05; and High Math/High Science, logit = -0.35, p <0.05) in 

relation to the reference class (Extremely High Math/Very High Science). The odds 

ratios indicate that for each one-point increase in the AUTMS score, the odds of being 

in the Low Moderate Math/Low Moderate Science (0.64, CI: 0.45-0.93), Moderate Math/ 

High Moderate Science (0.74, CI: 0.55-0.99), or High Math/High Science (0.71, CI: 

0.53-0.94) class decreases in relation to the reference class. These findings suggest 

that participants with higher AUTMS scores have statistically significant higher odds of 

being in the Extremely High Math/Extremely High Science class than the respective 

comparison class. As previously noted, the research is limited in the examination of the 

relationship between attitudes and beliefs and personal teaching efficacy. The findings 

of the present study suggest that these relationships warrants further study. The BMS 
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and ATMS variables did not have a statistically significant impact on outcome 

expectancy at the beginning of PDS I. 

Outcome Expectancy Covariates at the end of PDS II 
 

This section presents the results of analyses conducted on the impact of 

covariates on OE at the end of PDS II. LTA allows for the possibility that time-invariant 

variables (background variables) can have a time-invariant or a time-varying effect on 

class membership. All of the mathematics and science background variables are 

modeled utilizing a time-varying effect. This allows for the possibility that these variables 

affect efficacy class membership differently at the end of PDS II than at the beginning of 

PDS I. Table 4.23 presents the results of the mathematics background variable 

analyses for the OE construct at the end of PDS II. An alpha level of .05 was used for all 

analyses.  

An examination of Table 4.23 reveals that two mathematics background 

variables were statistically significant predictors of class membership for the Low 

Math/Low Moderate Science class at the end of PDS II. The number of high school 

mathematics courses taken (logit = 1.35, p <0.01) is a statistically significant predictor of 

class membership for the Low Math/Low Moderate Science class in relation to the 

reference class (High Math/ High Science). The odds ratio (3.85, CI: 1.68-8.81) 

indicates that for a one-unit increase in number of high school mathematics courses 

taken, there is a increase in the odds of being in the High Math/ High Science class as 

compared to the Low Math/Low Moderate Science class. In other words, participants 

with a fewer number of college mathematics courses taken are more likely to be in the 

Low Math/Low Science class as compared to the High Math/ High Science class.  
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Table 4.23  
 
Logistic Regression Coefficients and Odds Ratios for the 4-Class Outcome Expectancy 
Model at the End of PDS II with Math Background Variables as Covariates Using the 
High Math/High Science Class as the Reference Class 
 

Variable Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LMS 
Mathematics Coursework       
   # of HS Courses Taken (n=83)   1.35 0.42  3.19 <0.01* 3.85 1.68-8.81 
   # of College Courses Taken  
   (n=90) 

 -1.14 1.21 -0.94 0.35  0.32 0.03-3.45 

Mathematics Experience       
   K-12 Experience (n=111) 24.42 0.00  0.00 1.00 ** ** 
   College Experience (n=111) 23.06 0.00  0.00  1.00 ** ** 
Mathematics Teacher Perceptions  
   (n=107) 
 

0.44 0.15 2.91 <0.01* 1.37 0.77-2.45 

MM/MS 
Mathematics Coursework       
   # of HS Courses Taken (n=83)   0.22 0.39  0.56 0.58 1.24 0.58-2.64 
   # of College Courses Taken  
   (n=90) 

 -0.20 1.05 -0.19 0.85 0.82 0.11-6.35 

Mathematics Experience       
   K-12 Experience (n=111)   0.58 0.86  0.67 0.50 1.78 0.33-9.58 
   College Experience (n=111)  -1.11 1.19 -0.93 0.35 0.33 0.03-3.44 
Mathematics Teacher Perceptions  
   (n=107) 
 

0.18 0.09 2.00 0.04* 1.14 0.92-1.41 

HMM/HMS 
Mathematics Coursework       
   # of HS Courses Taken (n=83)   0.34 0.38  0.88 0.38 1.40 0.66-2.97 
   # of College Courses Taken  
   (n=90) 

 -0.07 1.03 -0.07 0.94 0.93 0.12-7.02 

Mathematics Experience       
   K-12 Experience (n=111)   0.29 0.79  0.36 0.72 1.33 0.28-6.22 
   College Experience (n=111)  -0.87 1.16 -0.75 0.45 0.42 0.04-4.08 
Mathematics Teacher Perceptions  
   (n=107) 
 

0.13 0.09 1.42 0.16 1.05 0.84-1.30 

Note. *p < .05, ** values are incalculable due to invariance in the comparison class, LM/LMS = low 
math/low moderate science class, MM/MS = moderate math/moderate science class, HMM/HMS = high 
moderate math/high moderate science class 
 

In addition, mathematics teacher perceptions were a statistically significant 

predictor of class membership for the Low Math/Low Moderate Science (logit = 0.44, p 

<0.01) and Moderate Math/Moderate Science (logit = 0.18, p <0.05) classes in relation 

to the reference class (High Math/ High Science). However, because the confidence 
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intervals for the odds ratios for both comparison classes include the value of 1 (LM/LMS 

= 1.37, CI: 0.77-2.45; MM/MS = 1.14, CI: 0.92-1.41), these values are untrustworthy 

due to an inadequate sample size. None of the other mathematics background variables 

tested had a statistically significant impact on outcome expectancy at the end of PDS II.  

Table 4.24 presents the results of the science background variable analyses for 

the OE construct at the end of PDS II. An alpha level of .05 was used for all analyses.  

An examination of Table 4.24 reveals that two of the science background 

variables were statistically significant predictors of class membership at the end of PDS 

II. The findings indicate that the number of high school science courses taken was a 

statistically significant predictor of class membership for the Low Math/Low Moderate 

Science class (logit = 0.77, p <0.05) as compared to the reference class (High 

Math/High Science). The odds ratio (2.26, CI: 1.07-4.76) indicates that for a one-unit 

increase in number of high school mathematics courses taken, there is a increase in the 

odds of being in the High Math/High Science class as compared to the Low Math/Low 

Moderate Science class. In other words, participants with a fewer number of high school 

science courses taken are more likely to be in the Low Math/Low Science class as 

compared to the High Math/ High Science class. 

In addition, the findings indicate that college science experiences were 

statistically significant predictors of class membership for the High Moderate Math/High 

Moderate Science class (logit = 2.04, p <0.05) as compared to the reference class (High 

Math/High Science). The odds ratio (7.76, CI: 1.20-48.76) indicates that for a one-unit 

increase in college science experiences value, there is a increase in the odds of being 

in the High Math/High Science class as compared to the High Moderate Math/High 
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Moderate Science class. In other words, participants with a positive college science 

experience are more likely to be in the High Math/ High Science class as compared to 

the High Moderate Math/High Moderate Science class.  

Table 4.24  
 
Logistic Regression Coefficients and Odds Ratios For The 4-Class Outcome 
Expectancy Model at the End of PDS II with Science Background Variables as 
Covariates Using the High Math/High Science Class as the Reference Class 
 

Variable Coefficient S.E. Z-score p-value 
Odds 
Ratio 95% CI 

LM/LMS 
Science Coursework       
   # of HS Courses Taken (n=85)  0.77 0.25 2.31 0.02* 2.26 1.07-4.76 
   # of College Courses Taken  
   (n=96) 

  -0.22 0.48  -0.46  0.65 1.11 0.49-2.46 

Science Experience       
   K-12 Experience (n=108) 24.26 0.99 ** ** ** ** 
   College Experience (n=109)   0.78 1.60  0.50  0.62 2.19 0.10-49.97 
Science Teacher Perceptions  
   (n=108) 
 

0.12 0.17 0.71 0.48 1.06 0.72-1.55 

MM/MS 
Science Coursework       
   # of HS Courses Taken (n=85) -0.30 0.24 -1.23 0.22 0.87 0.50-1.49 
   # of College Courses Taken  
   (n=96) 

0.11 0.47 0.23 0.82 1.20 0.53-2.70 

Science Experience       
   K-12 Experience (n=108) -0.40 0.99 -0.41 0.68 1.05 0.24-4.63 
   College Experience (n=109)   1.93 1.11  1.73   0.08 6.89 0.78-61.09 
Science Teacher Perceptions  
   (n=108) 
 

0.13 0.13 1.02 0.31 1.03 0.78-1.37 

HMM/HMS 
Science Coursework       
   # of HS Courses Taken (n=85) 0.13 0.21 0.64 0.52 1.20 0.71-2.02 
   # of College Courses Taken  
   (n=96) 

-0.03 0.44 -0.07 0.94 1.01 0.46-2.20 

Science Experience       
   K-12 Experience (n=108) -0.08 0.89 -0.09 0.93 2.85 0.53-15.29 
   College Experience (n=109)   2.04 0.94  2.16  0.03* 7.66 1.20-48.76 
Science Teacher Perceptions  
   (n=108) 
 

0.16 0.13 1.18 0.24 1.09 0.74-1.62 

Note. *p < .05, ** values are incalculable due to invariance in the comparison class, LM/LMS = low 
math/low moderate science class, MM/MS = moderate math/moderate science class, HMM/HMS = high 
moderate math/high moderate science class 
 
None of the other science background variables tested had a statistically significant 
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impact on outcome expectancy at the end of PDS II. 

Table 4.25 presents the results of the attitudes and beliefs variable analyses for 

the OE construct at the end of PDS II. An alpha level of .05 was used for all analyses.  

Table 4.25  
 
Logistic Regression Coefficients and Odds Ratios for the 4-Class Outcome Expectancy 
Model at the End of PDS II with Attitudes and Beliefs Variables as Covariates Using the 
High Math/High Science Class as the Reference Class 
 
 

Variable Logit S.E. Z-score P-value 
Odds 
Ratio 95% CI 

LM/LMS 
   BMS -0.20 0.30 -0.68 0.50 0.82 0.46-1.46 
   AMS -0.34 0.15 -2.00 0.04* 0.74 0.55-0.99 
   BTMS -0.07 0.29 -0.25 0.80 0.93 0.53-1.63 
   ATMS -0.14 0.87 -0.16 0.87 0.87 0.16-4.82 
   AUTMS -0.95 0.97 -0.98 0.33 0.39 0.06-2.59 
       

MM/MS 
   BMS -0.20 0.30 -0.66 0.51 0.82 0.45-1.49 
   AMS -0.26 0.15 -1.68 0.09 0.77 0.57-1.04 
   BTMS -0.27 0.35 -0.77 0.44 0.76 0.38-1.52 
   ATMS 0.08 1.08 0.07 0.94 1.08 0.13-8.89 
   AUTMS -1.29 0.97 -1.33 0.18 0.28 0.04-1.84 
       

HMM/HMS 
   BMS -0.13 0.30 -0.44 0.66 0.88 0.49-1.58 
   AMS -0.25 0.19 -1.34 0.18 0.78 0.54-1.12 
   BTMS -0.07 0.37 -0.20 0.84 0.93 0.45-1.92 
   ATMS 0.03 0.64 0.04 0.97 1.03 0.29-3.60 
   AUTMS -1.04 0.97 -1.08 0.28 0.35 0.05-2.35 

Note. *p < .05, LM/LMS = low math/low moderate science class, MM/MS = moderate math/moderate 
science class, HMM/HMS = high moderate math/high moderate science class, BMS = Beliefs about the 
nature of Mathematics and Science subscale, AMS = Attitudes toward Mathematics and Science 
subscale, BTMS = Beliefs about the Teaching of Mathematics and Science subscale, ATMS =Attitudes 
toward learning to Teach Mathematics and Science subscale, AUTMS = Attitudes toward Using 
Technology to teach Mathematics and Science 
 

An examination of Table 4.25 reveals that one attitude and belief variable was a 

statistically significant predictor of efficacy class membership at the end of PDS II. The 

findings indicate that the AMS score is a statistically significant predictor of class 

membership for the Low Math/Low Moderate Science class (logit = -0.34, p <0.05) in 
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relation to the reference class (High Math/ High Science). The odds ratio (0.74, CI: 0.55-

0.99) indicates that for each one-point increase in the AMS score, the odds of being in 

the Low Math/Low Moderate Science class decreases in relation to the reference class. 

In other words, participants with higher AMS scores have statistically significant higher 

odds of being in the High Math/ High Science class than the Low Math/Low Moderate 

Science class. None of the other attitudes and beliefs variables tested had a statistically 

significant impact on outcome expectancy at the end of PDS II. 

Summary of Covariate Analyses 
 
 Addition of covariates to the measurement model is another important step in the 

model-building process. During this step, covariates that have a statically significant 

effect, as well as practical significance, on class membership were determined. These 

covariates are part of the fully conditioned model. The next step is to explore how the 

fully conditioned model fits into the context of previous teacher efficacy research. 

Exploring the Latent Class Solutions 

 The addition of covariates to the latent class models results in the fully 

conditioned models for the Personal Teaching Efficacy and Outcome Expectancy 

constructs at both time-points. The next step is to determine how the classes resulting 

from the fully conditioned models fit into the context of teacher efficacy theory and 

previous findings regarding teacher efficacy. Two different approaches are used to help 

provide meaning to the latent classes. First, the latent class solutions are interpreted 

using the conditional item-probability plots. Second, item-response patterns for each 

class are explored. These two steps provide different, yet complimentary, ways of 

determining if the classes that emerged from the latent class analyses are meaningful. 
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Interpreting the Latent Classes 
 
 In order to interpret the LCA models, conditional item-probabilities are used to 

assign practical meaning to the classes. A conditional item-probability is the probability 

of endorsing an item on the outcome variable scales (PMTE, PSTE, MTOE, and STOE) 

for an individual within a particular class. Since the outcome variable scales are based 

on a 5-point scale, raw scores were converted to item-probabilities using the following 

procedure. Items with a score of 1 or 2 were recoded 0 to indicate that the item was not 

endorsed. Items with a score of 4 or 5 were recoded 1 to indicate that the item was 

endorsed. Items with a score of 3 were recoded 0.5 to indicate that the item was neither 

endorsed or non-endorsed. The item-probability plots are created from the conditional 

item-probabilities from each of the classes. 

These graphs were created from the actual data collected from the participants. 

Individual item data was not imputed in the present study; therefore, it is important to 

note that the item-probability plots for the end of PDS II are based on the results of 68 

respondents. Even though these results represent only 61% of the study population, the 

plots still provide useful information for assigning meaning to the PTE and OE classes. 

 Personal teaching efficacy construct. Figure 4.1 displays item-probability plots for 

the 4-class solution for the personal teaching efficacy construct at the beginning of PDS 

I and the end of PDS II. Along the x-axis of the plot are the 26 efficacy items (13 PMTE 

items, 13 PSTE items). Items marked with an “m” are from the MTEBI-r and items 

marked with an “s” are from the STEBI-B. The item number (e.g., m2) is provided for 

reference to the appropriate instrument. The personal teaching efficacy items are 

grouped into four categories: teacher motivation (TM), content efficacy (CE), use of 
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activities and materials (AM), and questions and explanations (QE). These categories 

are used in the item-response pattern analysis and are explained in the following 

section. The y-axis represents the probability of endorsing a given item. The four lines 

correspond to the four classes in the LCA solution. Efficacy classes are named using 

the efficacy class categories presented previously. Note that the class categories have 

changed from those presented in Table 4.12 due to the addition of covariates to the 

class model. The values on each line are the conditional item-probabilities for each of 

the 26 items across the four classes.   

 An examination of the item probability plots for the beginning of PDS I reveal 

some interesting patterns. The first profile (plotted with diamonds) represents the Low 

Math/Low Moderate Science (LM/LMS) class. An examination of this plot line indicates 

that the individuals in this class have a lower likelihood of endorsing all of the PTE items 

in relation to the other classes. In addition, a comparison of the mathematics item 

probabilities to the science probability items shows that, in general,  the mathematics 

items are endorsed at a lower level than the complimentary science items (e.g., 

comparing m23 to s23). The description of this class as LM/LMS appears to fit the 

profile. The second profile (plotted with squares) represents the High Moderate 

Math/Low Moderate Science (HMM/LMS) class. This class is more likely to endorse 

each item than the LM/LMS class. A comparison of the mathematics item probabilities 

to the science probability items shows that, in general,  the mathematics items are 

endorsed at a higher level than the complimentary science items in the HMM/LMS 

class. Again, the assigned class name appears to fit the profile.  
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 Beginning of PDS I (n = 111) 

 
End of PDS II (n = 68) 

 
 
  
Figure 4.1. Personal efficacy conditional item probability plots for the 4-class LCA by 
time. Class size information is in the legend. Note: * negatively worded item-reverse 
coded for analysis, TM = teacher motivation items, CE = content efficacy items, AM = 
activities/materials items, QE = questioning/explanation items, LM/LS class = low 
math/low science class, HMM/LMS = high moderate math/low moderate science class, 
HMM/HMS class = high moderate math/high moderate science class, VHM/HS class = 
very high math/high science class, EHM/EHS class =extremely high math/extremely 
high science class. 
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The third profile (plotted with triangles) represents the High Moderate Math/High 

Moderate Science (HMM/HMS) class.A comparison between this class and the previous 

class shows that both classes endorsed the mathematics items in a comparable 

fashion, but the HMM/HMS class endorsed the science items at a higher level than the 

HMM/LMS class. This class profile also appears to support the assigned name. The 

fourth profile (plotted with Xs) represents the Very High Math/High Science (VHM/HS) 

class. This class has a very high likelihood of endorsing all of the PTE items at levels 

similar to or exceeding the other classes in the plot. Once again, the item-endorsement 

probabilities appear to support the assigned class name.  

An examination of the item probability plots for the end of PDS II reveals similar 

support for the assigned class names. The first profile (plotted with diamonds) 

represents the LM/LS class. Individuals in this class have a low probability of endorsing 

all of the PTE items and their item-endorsement level is markedly lower than the other 

classes in the profile. The second profile (plotted with squares) represents the 

HMM/HMS class. Individuals in this class have a relatively high probability of endorsing 

all of the PTE items. Their item endorsement level is noticeably higher than the LM/LS 

class, but generally lower than the profiles of the other two classes. The third profile 

(plotted with triangles) represents the Very High Math/High Science (VHM/HS) class. 

Close examination of this profile reveals that the endorsement levels for mathematics 

items is slightly higher than the endorsement levels for the science items. This class has 

endorsement levels on each item that equal or exceed the endorsement levels of the 

HMM/HMS class. The fourth profile (plotted with Xs) represents the Extremely High 

Math/Extremely High Science (EHM/EHS) class. This class has a very high likelihood of 
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endorsing all of the PTE items at levels similar to or exceeding the other classes in the 

plot. As with the class names assigned to the PTE classes at the beginning of PDS I, 

the names assigned to the PTE classes at the end of PDS II appear to be supported by 

the item-probability plot. 

Outcome expectancy construct. Figure 4.2 displays item-probability plots for the 

outcome expectancy construct at the beginning of PDS I (6-class solution) and the end 

of PDS II (4-class solution). Along the x-axis of the plot are the 20 outcome expectancy 

items (10 MTOE items, 10 STOE items). Items marked with an “m” are from the MTEBI-

r and items marked with an “s” are from the STEBI-B. The item number (e.g., m1) is 

provided for reference to the appropriate instrument. The outcome expectancy items are 

grouped into three categories: teacher impact on student achievement/interest (TI), 

teacher responsibility for student achievement (TR), and student background (SB). 

These categories are used in the item-response pattern analysis and are explained in 

the following section. The y-axis represents the probability of endorsing a given item. 

The plot lines correspond to the classes in the LCA solution for each time point and are 

labeled using the efficacy class categories presented previously. Note that the class 

categories have changed from those presented in Table 4.12 due to the addition of 

covariates to the class model. The values are the conditional item-probabilities for each 

of the 20 items across the classes.  

 An examination of the outcome expectancy item-probability plot for the 6-class 

solution at the beginning of PDS I reveal similar patterns to those found in the personal 

teaching efficacy plots. The first profile (plotted with diamonds) represents the Low 

Math/Low Science class. Individual item plots reveal that for most items, the LM/LS 
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class endorses items at a lower level than the other classes in the profile. However, this 

profile does crossover the second profile in three places, a pattern not seen in the other 

probability plots. The second profile (plotted with squares) represents the Low Moderate 

Math/Low Moderate Science (LMM/LMS) class. In general, this profile follows the 

previously noted pattern of a higher item-endorsement level than the LM/LS class, but a 

lower item-endorsement level than the other classes in the profile. The third profile 

(plotted with triangles) represents the High Moderate Math/Moderate Science 

(HMM/MS) class. Close examination of this profile reveals that the endorsement level 

for mathematics items is slightly higher than the endorsement level for the 

complimentary science items. This profile also fits into the expected pattern between 

lower efficacy classes and higher efficacy classes. The fourth profile (plotted with Xs) 

represents the Moderate Math/High Moderate Science (MM/HMS) class. In contrast to 

the HMM/MS class, close examination of this profile reveals that the endorsement level 

for mathematics items is slightly lower than the endorsement level for the 

complimentary science items. The HMM/MS profile also fits into the expected pattern 

between lower efficacy classes and higher efficacy classes. The fifth profile (plotted with 

stars) represents the High Math/High Science (HM/HS) class. As expected, participants 

in this class had a high probability of endorsing all of the outcome expectancy items. 

The sixth profile (plotted with circles) represents the Extremely High Math/Very High 

Science class. Participants in this class endorsed all of the outcome expectancy items 

(with one exception) at higher levels than all of the other classes. In general, the class 

profiles depicted in the item-probability plot supported the assigned class name for each 

group at the beginning of PDS I.  
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Beginning of PDS I (n = 111) 

 
End of PDS II (n = 68) 

 
 
 
Figure 4.2. Outcome expectancy conditional item probability plots by time for the 6-class 
and 4-class LCA.  Class size information is in the legend. Note: * negatively worded 
item-reverse coded for analysis, TI = teacher impact, TR = teacher responsibility, SB = 
student background, LM/LS = low math/low science class, LMM/LMS = low moderate 
math/low moderate science class, HMM/MS =high moderate math/moderate science 
class, MM/HMS = moderate math/high moderate science class, HM/HS = high 
math/high science class, EHM/VHS = very high math/very high science class, MM/MS = 
moderate math/moderate science class, HMM/HMS = high moderate math/high 
moderate science class, HM/HMS = high math/high moderate science class, HM/VHS = 
high math/very high science class. 
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An examination of the item probability plot for the 4-class outcome expectancy 

solution at the end of PDS II reveals some patterns that are different from the patterns 

found in the three other item-probability plots. The first difference is the absence of a 

LM/LS class in this profile. The first profile (plotted with diamonds) represents the 

MM/MS class. Individuals in this class have a relatively moderately high probability (50-

85%) of endorsing all of the OE items, but their item-endorsement level is still noticeably 

lower (with two exceptions) than the other classes in the profile. The second profile 

(plotted with squares) represents the HMM/HMS class. Individuals in this class have a 

relatively high probability of endorsing all of the OE items. Their item endorsement level 

is noticeably higher than the MM/MS class, but generally lower than the profiles of the 

other two classes. The third profile (plotted with triangles) represents the High 

Math/High Moderate Science (HM/HMS) class. The fourth profile (plotted with Xs) 

represents the High Math/Very High Science class. An examination of these profiles 

reveals little difference between the two groups (with two exceptions). This is most likely 

because these two classes have a combined n of 6. While these two profiles do not 

support the efficacy-class categorization system used in the present study, the other 

profiles do provide support to this system.  

 One peculiar pattern is evident in the OE item-probability plots for item 10. Item-

probability plots for these items (m10 and s10) converge in a manner not seen for any 

other items in the four plots. Item 10 is one of the two items examined for low-loading 

and cross-loading issues in studies by Enochs et al. (2000) and Bleicher (2004). The 

results of the item-probability plots may indicate that issues still exist with this item.  
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Summary of Item-probability Plots 

The item-probability plots provide evidence that the efficacy classes determined 

by the LCA represent ordered solutions. In general, the item-probability plots indicate 

that the represented classes are distinctive from one another. While there are a few 

instances where the profiles cross, this is most likely due to the small n of the present 

study.    

Exploring Item-response Patterns 

 Another way to attach meaning to the efficacy classes specified in the fully 

conditioned models is to examine the item-response patterns for individuals in each of 

the efficacy classes. In order to do this, posterior probabilities are used to assign 

individuals to their most likely efficacy class. An examination of item-response patterns 

for each class can reveal notable trends within and between each of the classes. 

 As mentioned previously, the individual items on each subscale were grouped 

into categories to facilitate comparison among and between items that measure similar 

teacher attributes. An exploratory factor analysis was conducted on each subscale 

(PMTE, PSTE, MTOE, STOE) at each time-point (beginning of PDS I and end of PDS 

II) to determine if there were factors within the subscales. The results of the factor 

analyses, along with qualitative analysis of the items, resulted in the item categories 

utilized for the present study. A mathematics-education faculty member and a science-

education faculty member assessed the face validity of these categories.   

Personal teaching efficacy construct. Two of the four analyses on the PTE 

subscales (PMTE and PSTE) revealed a single factor scale, while the other two 

analyses revealed a two-factor scale. The results of these analyses, along with 
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qualitative analysis of the individual items, resulted in the grouping of PTE items into 

four categories. These categories are: (1) teacher motivation, (2) content efficacy, (3) 

activities/materials, and (4) questions/explanations. Separate discussions of the item-

response patterns for each category, along with a qualitative description of the category, 

are provided below. 

The teacher motivation category includes items that describe a teacher’s 

motivation to improve instruction in a particular content area. Table 4.26 presents the 

item-response patterns for the teacher motivation items by class at the beginning of 

PDS I and the end of PDS II.   

An examination of Table 4.26 reveals notable trends for each question. In 

general, the item-response patterns for the higher efficacy classes indicate efficacy for 

these groups improved from the beginning of PDS I to the end of PDS II. This is in 

contrast to the lowest efficacy class, whose item-response patterns indicate a general 

decrease in mathematics and science efficacy from the beginning of PDS I to the end of 

PDS II. While all of the participants indicated willingness to continually find better ways 

to teach mathematics and science, it is interesting to note that the low efficacy classes 

are the only group not to endorse these items at a 95% or higher rate. These findings 

are similar to those of Wenner (2001), who found that pre-service teachers in general 

endorsed these items at a higher level than in-service teachers did. However, these 

findings also echo those of previous studies (Allinder, 1994; Guskey, 1988; Stein & 

Wang, 1988), which indicate that teachers with higher efficacy are more likely to seek 

improved teaching methods and experiment with instructional methods and instructional 

materials. 
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Table 4.26  
 
Conditional Item Probabilities for the 4-Class LCA Solution for Personal Teaching 
Efficacy Construct (Teacher Motivation Items) by Time 
 
  Beginning of PDS I  End of PDS II 

 LM/ 
LMS 

(n=17) 

HMM/ 
LMS 

(n=46) 

HMM/ 
HMS 

(n=22) 

VHM/ 
HS 

(n=26) 

 
LM/LS 
(n=4) 

HMM/ 
HMS 

(n=27) 

HM/ 
HMS 

(n=19) 
HM/VHS 
(n=18) Item 

 

I will continually find 
better ways to teach 
… (2) 
 

M 
S 

0.94 
0.85 

 

0.98 
0.95 

 

1.00 
1.00 

 

1.00 
1.00 

 

 0.88 
0.88 

 

1.00 
1.00 

 

1.00 
1.00 

 

1.00 
1.00 

 

*Even if I try very 
hard, I will not teach 
… as well as I will 
most subjects. (3) 
 

M 
S 

0.53 
0.50 

 

0.13 
0.32 

 

0.16 
0.11 

 

0.00 
0.04 

 

 0.87 
0.87 

 

0.07 
0.13 

 

0.05 
0.08 

 

0.00 
0.00 

 

*I do not know what 
to do to turn students 
on to ... (23) 
 

M 
S 

0.76 
0.50 

 

0.35 
0.42 

 

0.39 
0.14 

 

0.04 
0.12 

 

 0.62 
0.62 

 

0.15 
0.09 

 

0.03 
0.03 

 

0.00 
0.00 

 

Note: … indicates that the appropriate content word (mathematics or science) should be inserted in the 
item at this point, * indicates item negatively worded, (#) indicates item number on the MTEBI-r or STEBI-
B scale, M = mathematics item-probability values, S = science item probability values. LM/LMS = low 
math/low moderate science class, HMM/LMS = high moderate math/low moderate science class, 
HMM/HMS = high moderate math/ high moderate science class, VHM/HS = very high math/high science 
class, HM/HMS = high math/high moderate science class, HM/VHS = high math/very high science class 
 

The item-response pattern for the second question reveals that participants in the 

lowest efficacy class at each time-point are much less likely to feel confident in teaching 

mathematics and science as compared to other subjects. The endorsement level of this 

item by low efficacy class member (50-87%) is considerably different than the 

endorsement level of their peers in the other classes (32% or less). Similarly, the item-

response pattern for the third question reveals that one-half to three-fourths of the 

lowest efficacy class at each time-point did not feel that they knew how to turn students 

on to mathematics and science. This is in contrast to the other efficacy classes, who 

endorsed this item at a much lower rate (42% or below) in general, especially at the end 

of the PDS year (15% or lower). In general, the item-response patterns for the teacher 

motivation category support the previously reported findings regarding teacher efficacy.   
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The content efficacy category includes items that indicate a teacher’s level of 

content area efficacy for mathematics and science. Table 4.27 presents the item-

response patterns for the content efficacy items by class at the beginning of PDS I and 

the end of PDS II.   

Table 4.27  
 
Conditional Item Probabilities for the 4-Class LCA Solution for Personal Teaching 
Efficacy Construct (Content Efficacy Items) by Time 
 
  Beginning of PDS I  End of PDS II 

 LM/ 
LMS 

(n=17) 

HMM/ 
LMS 

(n=46) 

HMM/ 
HMS 

(n=22) 

VHM/ 
HS 

(n=26) 

 
LM/LS 
(n=4) 

HMM/ 
HMS 

(n=27) 

HM/ 
HMS 

(n=19) 
HM/VHS 
(n=18) Item 

 

*I will generally teach 
… ineffectively. (8) 
 

M 
S 

0.32 
0.32 

 

0.03 
0.14 

 

0.02 
0.00 

 

0.02 
0.08 

 

 0.37 
0.50 

 

0.02 
0.06 

 

0.00 
0.05 

 

0.06 
0.00 

 
I understand … 
concepts well enough 
to be effective in 
teaching elementary 
…. (12) 
 

M 
S 

0.50 
0.56 

 

0.91 
0.62 

 

0.80 
0.95 

 

0.96 
0.98 

 

 0.63 
0.50 

 

0.98 
0.96 

 

1.00 
1.00 

 

1.00 
1.00 

 

I know how to teach 
mathematics 
concepts effectively.  
 
I know the steps 
necessary to teach 
science concepts 
effectively. (5) 
 

M 
 
 
 
S 

0.15 
 
 
 

0.35 
 

0.61 
 
 
 

0.41 
 

0.52 
 
 
 

0.82 
 

0.90 
 
 
 

0.94 
 

 0.38 
 
 
 

0.63 
 

0.91 
 
 
 

0.93 
 

1.00 
 
 
 

1.00 
 

1.00 
 
 
 

1.00 
 

*I wonder if I have the 
necessary skills to …. 
(19) 

M 
S 

0.94 
0.76 

 

0.47 
0.29 

 

0.55 
0.31 

 

0.04 
0.06 

 

 1.00 
0.62 

 

0.22 
0.17 

 

0.00 
0.11 

 

0.00 
0.00 

 
*Given a choice, I will 
not invite the principal 
to evaluate my … 
teaching. (20) 

M 
S 

0.76 
0.50 

 

0.22 
0.38 

 

0.14 
0.11 

 

0.13 
0.06 

 

 1.00 
0.50 

 

0.24 
0.22 

 

0.05 
0.18 

 

0.00 
0.06 

 

Note: … indicates that the appropriate content word (mathematics or science) should be inserted in the 
item at this point, * indicates item negatively worded, (#) indicates item number on the MTEBI-r or STEBI-
B scale, M = mathematics item-probability values, S = science item probability values. LM/LMS = low 
math/low moderate science class, HMM/LMS = high moderate math/low moderate science class, 
HMM/HMS = high moderate math/ high moderate science class, VHM/HS = very high math/high science 
class, HM/HMS = high math/high moderate science class, HM/VHS = high math/very high science class 
 

An examination of Table 4.27 reveals key differences between the low efficacy 

classes and the higher efficacy classes at each time-point. In general, the item-
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response patterns for the higher efficacy classes indicate efficacy for these groups 

improved from the beginning of PDS I to the end of PDS II. This is in contrast to the 

lowest efficacy class, whose item-response patterns indicate a mixed change in 

mathematics and science efficacy from the beginning of PDS I to the end of PDS II. For 

Items 8, 19, and 20, the item-response pattern indicates a general decrease in efficacy. 

For Items 12 and 5, the item-response patterns indicate a modest increase in efficacy. 

 The item-response pattern for the first question reveals that approximately one-

third to one-half of the low efficacy class members believed that they would be 

ineffective mathematics and science teachers. The percentage of those agreeing with 

this statement increases from the beginning of PDS I to the end of PDS II for both 

mathematics and science. In contrast, the higher efficacy groups endorsed this 

statement at a much lower level (15% or less) and in general, their endorsement levels 

of this item dropped from the beginning of PDS I to the end of PDS II. This pattern 

suggests that these participants do not view themselves as ineffective teachers of 

mathematics and science. The item-response pattern for the second question reveals 

that 50-60% of the low efficacy class members believe that they understand 

mathematics and science concepts well enough to be effective in teaching these 

subjects. This class had a modest increase in the mathematics category over the 

course of the year, but had a modest decrease in science. In contrast, the higher 

efficacy classes generally felt that they understood mathematics and science concepts 

well enough to be effective teachers at the beginning of PDS I (62% and higher), and 

almost all of them felt this way at the end of PDS II (96% and higher). The item-

response pattern for the third question revealed that at the beginning of PDS I, every 
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class except the highest efficacy class had relatively low endorsement levels of the 

items indicating that they knew the steps necessary to effectively teach mathematics 

and science concepts (15-82%). However, at the end of PDS II, the higher efficacy 

classes all endorsed this item at levels of 91% and higher, whereas, the lower efficacy 

class only endorsed this item at 38% for mathematics and 63% for science. The fourth 

item reflects a similar item-response pattern. At the beginning of PDS I, every class 

except the highest efficacy class had relatively high endorsement levels of the items 

indicating that they wondered if they had the necessary skills to teach mathematics and 

science (31-94%). At the end of PDS II, the higher efficacy classes endorsed these 

items at a relatively low rate (22% or fewer), while the low efficacy class members still 

endorsed these items at a high level (100% for mathematics, 62% for science). The 

item-response pattern for the fifth item reflects a pattern previously seen between the 

low efficacy class and the higher classes. This item asks whether the participants would 

not invite their principal to observe their mathematics and science teaching if given a 

choice. The low efficacy class endorses this item at a relatively high rate (50-100%), 

whereas the higher efficacy classes endorse this item at much lower rates (38% and 

lower) at the beginning of PDS I and in general at even lower rates at the end of PDS II 

(24% and lower). In general, the item-response patterns for the content efficacy 

category support the previously reported findings regarding teacher efficacy.    

The activities/materials category includes items that indicate a teacher’s level of 

comfort in using hands-on activities in mathematics and science instruction. Table 4.28 

presents the item-response patterns for the activities/materials items by class at the 

beginning of PDS I and the end of PDS II.  
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Table 4.28  
 
Conditional Item Probabilities for the 4-Class LCA Solution for Personal Teaching 
Efficacy Construct (Activities/Materials Items) by Time 

 
  Beginning of PDS I  End of PDS II 

 LM/ 
LMS 

(n=17) 

HMM/ 
LMS 

(n=46) 

HMM/ 
HMS 

(n=22) 

VHM/ 
HS 

(n=26) 

 
LM/LS 
(n=4) 

HMM/ 
HMS 

(n=27) 

HM/ 
HMS 

(n=19) 
HM/VHS 
(n=18) Item 

 

*I will not be very 
effective in monitoring 
mathematics 
activities. 
 
*I will not be very 
effective in monitoring 
science experiments. 
(6) 
 

M 
 
 
 
 
S 

0.44 
 
 
 
 

0.29 
 

0.08 
 
 
 
 

0.23 
 

0.07 
 
 
 
 

0.02 
 

0.00 
 
 
 
 

0.04 
 

 0.50 
 
 
 
 

0.37 
 

0.07 
 
 
 
 

0.11 
 

0.00 
 
 
 
 

0.00 
 

0.06 
 
 
 
 

0.00 
 

*I will find it difficult to 
use manipulatives to 
explain to students 
why mathematics 
works.  
 
*I will find it difficult to 
explain to students 
why science 
experiments work. 
(17) 
 

M 
 
 
 
 
 
S 

0.44 
 
 
 
 
 

0.56 
 

0.09 
 
 
 
 
 

0.39 
 

0.00 
 
 
 
 
 

0.09 
 

0.00 
 
 
 
 
 

0.00 
 

 0.37 
 
 
 
 
 

0.62 
 

0.02 
 
 
 
 
 

0.22 
 

0.00 
 
 
 
 
 

0.00 
 

0.00 
 
 
 
 
 

0.06 
 

Note: * indicates item negatively worded, (#) indicates item number on the MTEBI-r or STEBI-B scale, M 
= mathematics item-probability values, S = science item probability values. LM/LMS = low math/low 
moderate science class, HMM/LMS = high moderate math/low moderate science class, HMM/HMS = high 
moderate math/ high moderate science class, VHM/HS = very high math/high science class, HM/HMS = 
high math/high moderate science class, HM/VHS = high math/very high science class 

 

An examination of Table 4.28 reveals similar patterns to those in the previous 

two categories, namely a distinct difference between the response patterns of the low 

efficacy class as compared to the higher efficacy classes. The item-response pattern for 

the first item suggests that members of the low efficacy class felt less effective in 

monitoring mathematics activities and science experiments at the end of PDS II than 

they did at the beginning of PDS I. The endorsement level of this item increased for 

both mathematics (44% to 50%) and science (29% to 37%) over the course of the PDS 
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year. In contrast, the higher efficacy classes in general reported an increase in their 

ability to monitor mathematics activities and science experiments from the beginning of 

PDS I to the end of PDS II. The item-response pattern for the second item indicate that 

the low efficacy class member showed little change in their ability to use mathematics 

manipulatives and science experiments to explain how mathematics and science work 

from the beginning of PDS I to the end of PDS II. In contrast, the higher efficacy classes 

all reported an increase in their ability to use manipulatives and experiments to explain 

mathematics and science from the beginning of PDS I to the end of PDS II. In general, 

the item-response patterns for the activities/materials category support the previously 

reported findings regarding teacher efficacy.         

The questions/explanations category includes items that indicate a teacher’s 

level of comfort in answering student questions and providing explanations of concepts 

in mathematics and science. Table 4.29 presents the item-response patterns for the 

questions/explanations items by class at the beginning of PDS I and the end of PDS II.   

An examination of Table 4.29 again reveals distinct differences between the 

item-response patterns of the low efficacy class members in comparison to the higher 

efficacy class members. The item-response pattern for the first item indicated that all of 

the efficacy classes were very likely to welcome student questions in mathematics and 

science at the beginning of PDS I (82% and higher). However, at the end of PDS II, 

members of the low efficacy class were less likely to welcome student questions (63%) 

compared to the higher efficacy classes, who indicated willingness to welcome student 

questions at a very high level (96% and greater). The item-response pattern for the 

second item indicates that members of all efficacy classes had reasonably high 
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endorsement levels of this item (63% and higher), which asked if they would typically be 

able to answer student questions in mathematics and science.  

Table 4.29 
  
Conditional Item Probabilities for the 4-Class LCA Solution for Personal Teaching 
Efficacy Construct (Question/Explanation Items) by Time 
 
  Beginning of PDS I  End of PDS II 

 LM/ 
LMS 

(n=17) 

HMM/ 
LMS 

(n=46) 

HMM/ 
HMS 

(n=22) 

VHM/ 
HS 

(n=26) 

 
LM/LS 
(n=4) 

HMM/ 
HMS 

(n=27) 

HM/ 
HMS 

(n=19) 
HM/VHS 
(n=18) Item 

 

When teaching …, I 
will usually welcome 
student questions. 
(22) 
 

M 
S 

0.82 
0.82 

 

1.00 
0.90 

 

0.98 
1.00 

 

1.00 
1.00 

 

 0.63 
0.63 

 

1.00 
0.96 

 

1.00 
0.97 

 

1.00 
1.00 

 

I will typically be able 
to answer students’ 
… questions. (18) 
 

M 
S 

0.65 
0.71 

 

0.96 
0.71 

 

0.86 
0.95 

 

1.00 
0.98 

 

 0.75 
0.63 

 

0.94 
0.91 

 

1.00 
1.00 

 

1.00 
1.00 

 

*When a student has 
difficulty 
understanding a … 
concept, I will usually 
be at a loss as to how 
to help the student 
understand it better. 
(21) 
 

M 
S 

0.47 
0.44 

 

0.08 
0.21 

 

0.12 
0.09 

 

0.00 
0.04 

 

 0.75 
0.62 

 

0.07 
0.09 

 

0.00 
0.00 

 

0.00 
0.00 

 

Note: … indicates that the appropriate content word (mathematics or science) should be inserted in the 
item at this point, * indicates item negatively worded, (#) indicates item number on the MTEBI-r or STEBI-
B scale, M = mathematics item-probability values, S = science item probability values. LM/LMS = low 
math/low moderate science class, HMM/LMS = high moderate math/low moderate science class, 
HMM/HMS = high moderate math/ high moderate science class, VHM/HS = very high math/high science 
class, HM/HMS = high math/high moderate science class, HM/VHS = high math/very high science class 
 
However, the low efficacy class showed mixed growth in this area, with an increase in 

mathematics (65% to 75%) and a decrease in science (71% to 63%).In contrast, the 

higher efficacy classes generally increased in this area and all of the higher efficacy 

classes had a high endorsement level of this item (91% and higher) by the end of PDS 

II. The third item in this category asks participants how well they will be able to explain 

mathematics and science concepts when the students are experiencing difficulty 

understanding a concept. The item-response pattern for the low efficacy class indicates 
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that they felt less confident in their ability to explain mathematics (75%) and science 

(62%) concepts at the end of PDS II compared to the beginning of PDS I (47% and 

44%, mathematics and science respectively). In contrast, the higher efficacy classes all 

felt more confident in explaining mathematics and science concepts at the end of PDS II 

than at the beginning of PDS I. In general, the item-response patterns for the 

questions/explanations category support the previously reported findings regarding 

teacher efficacy.    

 Outcome expectancy construct. Three of the four analyses on the OE subscales 

(MTOE and STOE) revealed a three-factor scale, while the other analysis revealed a 

two-factor scale. The results of these analyses, along with qualitative analysis of the 

individual items, resulted in the grouping of OE items into three categories. These 

categories are: (1) teacher impact, (2) teacher responsibility, and (3) student 

background. Separate discussions of the item-response patterns for each category, 

along with a qualitative description of the category, are provided below. 

Class size is an important feature to keep in mind when interpreting this data. 

These tables were created from the actual data collected from the participants and do 

not include imputed data. As a result, the HM/HMS class at the end of PDS II only has 

data from one individual. Therefore, no generalizations are made about this class in the 

following discussions.  

The teacher impact category includes items that describe the teacher’s impact on 

student achievement and interest in mathematics and science. Table 4.30 presents the 

item-response patterns for the teacher impact items by class at the beginning of PDS I 

and the end of PDS II.  
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Table 4.30  
 
Conditional Item Probabilities for the 6-Class and 4-Class LCA Solution for Outcome Expectancy (Teacher Impact Items) 
by Time 
 

Item 

Beginning of PDS I End of PDS II 

LM/LS 
(n=8) 

LMM/ 
LMS 

(n=27) 

HMM/ 
MS 

(n=13) 

MM/ 
HMS 

(n=41) 

HM/
HS 

(n=19) 

EHM/ 
VHS 
(n=4) 

MM/MS 
(n=20) 

HMM/ 
HMS 

(n=42) 

HM/ 
HMS 
(n=1) 

HM/ 
VHS 
(n=5) 

When a student does better 
than usual in …, it is often 
because the teacher exerted a 
little extra effort(1) 

M 
S 

0.25 
0.25 

0.52 
0.57 

0.81 
0.77 

0.77 
0.94 

0.94 
1.00 

1.00 
1.00 

0.60 
0.63 

0.73 
0.94 

1.00 
1.00 

1.00 
1.00 

When the … grades of 
students improve, it is often 
due to their teacher having 
found a more effective 
teaching approach. (4) 

M 
S 

0.44 
0.38 

0.87 
0.70 

0.92 
0.92 

0.96 
0.98 

1.00 
0.97 

1.00 
1.00 

0.83 
0.83 

0.99 
1.00 

1.00 
1.00 

1.00 
1.00 

When a low-achieving student 
progresses in …, it is usually 
due to extra attention given by 
the teacher. (11) 

M 
S 

0.38 
0.13 

0.85 
0.70 

0.88 
0.81 

0.91 
0.96 

0.94 
1.00 

1.00 
1.00 

0.60 
0.70 

0.94 
0.96 

0.00 
0.50 

1.00 
1.00 

If parents comment that their 
child is showing more interest 
in …, it is probably due to the 
child’s teacher. (16) 

M 
S 

0.66 
0.44 

0.63 
0.70 

0.77 
0.65 

0.79 
0.84 

0.83 
0.86 

1.00 
1.00 

0.63 
0.73 

0.86 
0.90 

1.00 
1.00 

1.00 
1.00 

 
Note: …indicates that the appropriate content word(mathematics or science should be inserted in the item at this point, * indicates item negatively worded, (#) 
indicates item number on the MTEBI-r or STEBI-B scale, M = mathematics item-probability values, S = science item probability values. LM/LS = low math/low 
science class, LMM/LMS = low moderate math/low moderate science class, HMM/MS = high moderate math/moderate science class, MM/HMS = moderate 
math/high moderate science class, HM/HS = high math/high science class, EHM/VHS = extremely high math/very high science class, MM/MS =moderate 
math/moderate science class, HMM/HMS = high moderate math/high moderate science class, HM/HMS = high math/high moderate science class, HM/VHS = high 
math/very high science class
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An examination of Table 4.30 reveals several interesting patterns related to 

teacher impact on student achievement. Overall, the table reveals that all efficacy 

classes showed increase in the belief that teachers have an impact on student 

achievement in mathematics and science from the beginning of PDS I to the end of 

PDS II. The item-response pattern for the first item indicates that at the beginning of 

PDS I, only a quarter of the Low Math/Low Science efficacy class members felt that 

increased student achievement was the result of extra teacher effort. In addition, a little 

more than half of the Low Moderate Math/Low Moderate Science efficacy class 

members endorsed this item (52% math, 57% science). This is in contrast to the higher 

efficacy classes, who endorsed this item at a much higher rate (77-100%). At the end of 

PDS II, all efficacy classes endorsed this item at a relatively high rate (60% or higher), 

with the higher efficacy classes endorsing this item at 94% or higher, with one 

exception. The item-response pattern for the second item reveals that at the beginning 

of PDS I, less than half of the lowest efficacy class members (44% math, 38% science) 

felt that student grade improvement was the result of more effective teaching 

approaches. This is in contrast to the higher efficacy classes, who endorsed this item at 

a very high rate (70% or higher) at the beginning of PDS I. However, by the end of PDS 

II, all efficacy class members endorsed this item at a high rate (83% or higher). The 

item-response pattern for the third item reveals that at the beginning of PDS I, only 

about a third or fewer of the Low Math/Low Science efficacy class members believed 

that the progress of low-achieving students was attributable to extra attention from the 

teacher. In contrast, the higher efficacy classes endorsed this item at a much higher 

rate (70% or higher) at the beginning of PDS I. Similar to the pattern seen in the first 



 

172 

item, all efficacy classes endorsed this item at a relatively high rate (60% or higher) at 

the end of PDS II, with the higher efficacy classes endorsing this item at 94% or higher 

(excluding the HM/HMS class). The item-response pattern for the fourth item reveals 

that, with one exception, members of all efficacy classes felt that a student’s increased 

interest in mathematics or science was due to the teacher (63% or higher). The 

endorsement percentages for this item shows little change for any class from the 

beginning of PDS I to the end of PDS II. In general, the item-response patterns for the 

teacher impact category support the previously reported findings regarding teacher 

efficacy.   

The teacher responsibility category includes items that describe the teacher’s 

acceptance of responsibility for student achievement in mathematics and science. Table 

4.31 presents the item-response patterns for the teacher responsibility items by class at 

the beginning of PDS I and the end of PDS II. 

An examination of Table 4.31 reveals similar trends from the previously 

discussed categories. In general, each class shows an increase in efficacy from the 

beginning of PDS I to the end of PDS II. Second, the scores of the lowest efficacy class 

at both time points are noticeably lower than the scores of the higher efficacy classes. 

The item-response pattern for the first item reveals that less than half of the Low 

Math/Low Science class (38% math, 44% science) believes that student achievement is 

directly related to their teacher’s effectiveness in teaching. This is in contrast to the 

higher efficacy classes, which endorse this item at a relatively high rate (65% or higher) 

at the beginning of PDS I.  
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Table 4.31 
 
Conditional Item Probabilities for the 6-Class and 4-Class LCA Solution for Outcome Expectancy (Teacher Responsibility 
Items) by Time 
 

Item 

Beginning of PDS I End of PDS II 

LM/LS 
(n=8) 

LMM/ 
LMS 

(n=27) 

HMM/ 
MS 

(n=13) 

MM/ 
HMS 

(n=41) 

HM/
HS 

(n=19) 

EHM/ 
VHS 
(n=4) 

MM/MS 
(n=20) 

HMM/ 
HMS 

(n=42) 

HM/ 
HMS 
(n=1) 

HM/ 
VHS 
(n=5) 

Students’ achievement in … is 
directly related to their 
teacher’s effectiveness in … 
teaching. (15) 

M 
S 

0.38 
0.44 

0.67 
0.65 

0.85 
0.77 

0.89 
0.94 

0.97 
0.97 

1.00 
1.00 

0.68 
0.68 

0.92 
0.93 

1.00 
1.00 

1.00 
1.00 

If students are underachieving 
in …, it is most likely due to 
ineffective … teaching. (7) 

M 
S 

0.13 
0.19 

0.31 
0.57 

0.85 
0.88 

0.80 
0.83 

0.92 
1.00 

1.00 
1.00 

0.48 
0.53 

0.79 
0.80 

1.00 
1.00 

0.80 
1.00 

*The low … achievement of 
students cannot be generally 
blamed on their teachers. (10) 

M 
S 

0.69 
0.75 

0.59 
0.63 

0.31 
0.50 

0.35 
0.35 

0.11 
0.14 

0.00 
0.25 

0.35 
0.43 

0.27 
0.32 

1.00 
1.00 

0.40 
0.40 

The teacher is generally 
responsible for the 
achievement of students in ... 
(14) 

M 
S 

0.56 
0.50 

0.50 
0.74 

0.77 
0.77 

0.88 
0.90 

1.00 
0.97 

1.00 
1.00 

0.70 
0.68 

0.92 
0.94 

1.00 
1.00 

1.00 
1.00 

 
Note: …indicates that the appropriate content word(mathematics or science should be inserted in the item at this point, *  indicates item negatively 
worded, (#) indicates item number on the MTEBI-r or STEBI-B scale, M = mathematics item-probability values, S = science item probability values. 
LM/LS = low math/low science class, LMM/LMS = low moderate math/low moderate science class, HMM/MS = high moderate math/moderate 
science class, MM/HMS = moderate math/high moderate science class, HM/HS = high math/high science class, EHM/VHS = extremely high 
math/very high science class, MM/MS =moderate math/moderate science class, HMM/HMS = high moderate math/high moderate science class, 
HM/HMS = high math/high moderate science class, HM/VHS = high math/very high science class 
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While the lowest efficacy class does endorse this item at a much higher rate at the end 

of PDS II, there is still a distinct difference between their endorsement rate (68%) and 

the endorsement rate of the higher efficacy classes (92% or higher). The item-response 

pattern for the second item reveals that the Low Math/Low Science efficacy class is very 

unlikely to endorse the idea that student underachievement is related to teaching 

ineffectiveness (13-19%). The Low Moderate Math/Low Moderate Science class also 

endorses this item at a low rate (31% math, 57% science). This is in contrast to the four 

higher efficacy classes, who endorse this item at a rate of 80% or higher. The item-

response pattern for the third item reveals that a majority of the members of the Low 

Math/Low Science and the Low Moderate Math/Low Moderate Science classes (59-

75%) endorse the idea that low student achievement cannot be generally blamed on 

teachers. This is in contrast to the four higher efficacy classes, who endorse this item at 

a much lower rate (35% or lower, with one exception). However, the third item shows a 

pattern of convergence at the end of PDS II. This type of pattern is not seen in any of 

the other item-response scores. At the end of PDS II, between 27 and 40% of all 

participants were likely to endorse the idea that low student achievement could not be 

blamed on teachers. The item-response pattern for the fourth item reveals a similar 

pattern to the first item. The Low Math/Low Science class endorse the idea that the 

teacher is generally responsible for the achievement of students approximately half of 

the time (56% math, 50% science) at the beginning of PDS I. The Low Moderate 

Math/Low Moderate Science present somewhat of a disparity with this item. The 

LMM/LMS class endorses this item at a much higher rate for science (74%) than math 

(50%). This is in contrast to the four higher efficacy classes, which endorse this item at 
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a relatively high rate (77% or higher) at the beginning of PDS I. While the lowest 

efficacy class does endorse this item at a much higher rate at the end of PDS II, there is 

still a distinct difference between their endorsement rate (70% math, 68% science) and 

the endorsement rate of the higher efficacy classes (92% or higher). In general, the 

item-response patterns for the teacher responsibility category support the previously 

reported findings regarding teacher efficacy.   

The student background category includes items that describe aspects of 

students’ background in mathematics and science that are outside of the teacher’s 

control. Table 4.32 presents the item-response patterns for the student background 

items by class at the beginning of PDS I and the end of PDS II. 

An examination of Table 4.32 reveals that the participants generally had a 

positive belief that teacher efforts could overcome deficiencies in students’ background 

in mathematics and science. The item-response pattern for the first item reveals that at 

the beginning of PDS I, members of all efficacy classes endorsed the idea that the 

inadequacy of a student’s background could be overcome by good teaching (69% or 

higher). The endorsement rate for this item increased for all classes at the end of PDS II 

(73% or higher), but there was still a noticeable difference between the endorsement 

rate of the Moderate Math/Moderate Science class (83% math, 73% science) and the 

higher classes (98% or higher). The item-response pattern for the second item revealed 

that at both the beginning of PDS I and the end of PDS II, a low percentage of all 

efficacy class members (26% or lower, with one exception) endorsed the idea that 

increased effort in teaching had little effect in students’ achievement.  
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Table 4.32  
 
Conditional Item Probabilities for the 6-Class and 4-Class LCA Solution for Outcome Expectancy (Student Background 
Items) by Time 
 

Item 

Beginning of PDS I End of PDS II 

LM/LS 
(n=8) 

LMM/ 
LMS 

(n=27) 

HMM/ 
MS 

(n=13) 

MM/ 
HMS 

(n=41) 

HM/
HS 

(n=19) 

EHM/ 
VHS 
(n=4) 

MM/MS 
(n=20) 

HMM/ 
HMS 

(n=42) 

HM/ 
HMS 
(n=1) 

HM/ 
VHS 
(n=5) 

The inadequacy of a student’s 
… background can be 
overcome by good teaching. 
(9) 

M 
S 

0.75 
0.69 

0.81 
0.87 

0.92 
0.92 

0.93 
0.96 

0.97 
1.00 

1.00 
1.00 

0.83 
0.73 

0.98 
0.99 

1.00 
1.00 

1.00 
1.00 

*Increased effort in …       
teaching produces little 
change in students’ 
mathematics achievement. 
(13) 

M 
S 

0.13 
0.44 

0.19 
0.26 

0.04 
0.08 

0.20 
0.10 

0.00 
0.00 

0.00 
0.00 

0.18 
0.20 

0.05 
0.06 

0.00 
0.00 

0.00 
0.00 

 
Note: …indicates that the appropriate content word(mathematics or science should be inserted in the item at this point, *  indicates item negatively 
worded, (#) indicates item number on the MTEBI-r or STEBI-B scale, M = mathematics item-probability values, S = science item probability values. 
LM/LS = low math/low science class, LMM/LMS = low moderate math/low moderate science class, HMM/MS = high moderate math/moderate 
science class, MM/HMS = moderate math/high moderate science class, HM/HS = high math/high science class, EHM/VHS = extremely high 
math/very high science class, MM/MS =moderate math/moderate science class, HMM/HMS = high moderate math/high moderate science class, 
HM/HMS = high math/high moderate science class, HM/VHS = high math/very high science class
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In other words, all of the participants, regardless of efficacy class membership, were 

relatively confident that increased effort in teaching would produce change in student 

achievement. In general, the item-response patterns for the student background 

category support the previously reported findings regarding teacher efficacy. 

Summary of Item-Response Patterns 

 The item endorsement probabilities provide further evidence that the efficacy 

classes have different patterns of change in efficacy from each other. In general, the 

item endorsement probabilities indicate that the represented classes are distinctive from 

one another. These patterns of change are supported by previous research in teacher 

efficacy. 

Summary of Step 1 

 Step 1 is a major component of the LTA model-building process. In this step, 

several important preliminary components of the LTA model-building process were 

completed or explored. First, analysis of the outcome variables revealed that the data 

best fit a model that considers Personal Teaching Efficacy and Outcome Expectancy as 

two separate constructs. Second, class models were fit for each construct for each data 

collection point in the present study. The data for PTE construct best fits a 4-class 

model for both the beginning of PDS I and the end of PDS II. The data for OE construct 

best fits a 6-class model for the beginning of PDS I and a 4-class model for the end of 

PDS II. Third, a rationale for naming the classes was presented. This rationale was 

based on the meaning of the observed item responses. Fourth, covariates were added 

to the LCA models. These covariates were added because they had statistical and 

practical significance in forming the classes found in the measurement model. Finally, 
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the fully conditioned latent class models were examined using item-probability plots and 

item-response patterns. These explorations further confirmed that the classes formed in 

the fully conditioned model made sense in light of previous teacher efficacy research.         

Step 2: Explore Transitions Based on Cross-Sectional Results 

 Step 2 involves two important considerations for building a LTA model: (1) 

examining the transitions between classes based on the partially conditioned classes 

and (2) formally testing the model for measurement invariance. Each of these steps 

provides useful information to the model-building process.  

 In a LTA study with a large n (e.g., Nylund, 2007) the exploration of preliminary 

transitions between classes provides an initial assessment of the movement occurring 

between classes over time. However, the small n of the present study increases the 

likelihood that the partially conditioned and fully conditioned models are composed of 

very different class models. This could result in transition patterns that are very different 

for the two types of models. Therefore, an examination of the transitions between 

classes occurs after specification of the final LTA model.  

 Formal measurement invariance testing of the model is necessary when the 

number and type of classes remains the same at all time-points under consideration. In 

the present study, the number and/or type of classes varied at each time-point for both 

the PTE and OE constructs. Consequently, formal measurement invariance testing is 

not required in the present study.  

 Even though neither of the above procedures were conducted in the present 

study, the inclusion of these analyses should be considered for every LTA study. Nylund 
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(2007) provides a thorough explanation of both of these processes to interested 

readers. 

Step 3: Explore Specification of the Latent Transition Model without Covariates 

 Step 3 in the model building process is the first step that involves a formal 

longitudinal model. This step consists of comparing models with higher-order effects to 

a model with only first-order effects to see which model is the best for the data. In order 

to consider higher-order effects in a model, there must be three or more measurement 

time-points in the model under consideration. However, since the present study only 

contained two time-points, a model with first-order effects is the only possible model for 

the present study. Nylund (2007) provides a thorough explanation of this step to 

interested readers.  

Step 4: Include Covariates in the LTA Model 

 This final step in the LTA model building process brings together the information 

from the previous steps, culminating in the final LTA model. Step 4 includes covariates 

in the LTA model building process to describe the heterogeneity in the developmental 

process under study (Humphreys & Janson, 2000). In the present study, two types of 

covariates are considered: time-invariant and time-varying. The time-invariant 

covariates are background variables that are measured only once (i.e. previous 

coursework). The time-varying covariates are participants’ attitudes and beliefs about 

the nature of and the teaching of mathematics and science. These variables are 

measured at the same time as the outcome variables (MTEBI-r and STEBI-B). In the 

present study, both types of variables have time-varying effects. 
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Final LTA Model for Personal Teaching Efficacy 

As discussed previously, due to the small n of the present study, only covariates 

with complete data sets were included in the final model estimation for the personal 

teaching efficacy construct. For the PTE construct, the covariates included in the final 

LTA for the beginning of PDS I were: (1) K-12 mathematics experience, (2) college 

mathematics experience, (3) the BMS subscale, (4) the AMS subscale, and (5) the 

AUTMS subscale. The covariates included in the final LTA for the end of PDS II were: 

(1) the BMS subscale, (2) the AMS subscale, (3) the BTMS subscale, (4) the ATMS 

subscale, and (5) the AUTMS subscale. Figure 4.3 displays the final PTE model with 

the time-invariant variables (K-12 and college mathematics experiences) and the time-

varying variables (attitudes and beliefs variables). All variables were allowed to have 

different transition probabilities at each time-point.  

 

Figure 4.3. Model diagram of the personal teaching efficacy eta with first order effect, 
non-stationary transition probabilities, and covariates. 
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 Table 4.33 presents the estimated transition probabilities for the PTE construct. 

This table helps summarize the movement between personal teaching efficacy classes 

from the beginning of PDS I to the end of PDS II. 

Table 4.33 
 
Estimated Transition Probabilities for the Personal Teaching Efficacy LTA Model 
 
 End of PDS II 

Beginning of PDS 1 LMM/MS  
(n =12) 

HM/HMS 
(n =31) 

HM/HS 
(n  = 34) 

EHM/VHS 
(n = 34) 

LM/LMS     (n = 18) .54 .24 .00 .22 

HMM/HMS (n = 36) .03 .18 .63 .16 

HMM/LMS  (n = 33) .06 .63 .27 .03 

VHM/HS     (n = 24) .00 .00 .00 1.00 

Note: LM/LMS class = low math/low moderate science class, HMM/MS class = high moderate math/high 
moderate science class, HMM/LMS = high moderate math/low moderate science class, VHM/HS class = 
very high math/high science class, LMM/MS = low moderate math/moderate science class, HM/HMS = 
high math/high moderate science class, HM/HS = high math/high science class, EHM/VHS class 
=extremely high math/very high science class. 

 

An examination of Table 4.33 reveals some interesting transition patterns 

between the classes for the personal teaching efficacy construct from the beginning of 

PDS I to the end of PDS II. In general, the transition probabilities suggest that most 

participants had an increase in their personal teaching efficacy over the course of the 

PDS year. The Low Moderate Math/Low Moderate Science class (LM/LMS) showed a 

pattern of growth for all members of the class. Most of the group (54%) had a slight 

increase in efficacy over the course of the year, exhibited by their movement to the Low 

Moderate Math/Moderate Science class at the end of PDS II. Of the remaining 

members of the LM/LMS class, about 24% had a moderate increase in efficacy and 

moved to the High Math/High Moderate Science class. Perhaps most surprising is the 
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fact that almost a quarter of the LM/LMS class (22%) had a considerable increase in 

personal teaching efficacy, evidenced by their movement into the Extremely High 

Math/Very High Science class by the end of PDS II.  

The High Moderate Math/High Moderate Science class (HMM/HMS) exhibits a 

different growth pattern. First, a very small percentage of this class (3%) showed a 

decrease in efficacy over the course of the PDS year. About 18% of the group exhibited 

minimal growth in their efficacy scores, moving to the High Math/High Moderate Science 

class. The majority of the class (63%) exhibited modest gains in efficacy and moved into 

the High Math/High Science class. Finally, 16% of the class had a sizable gain in 

efficacy and moved into the Extremely High Math/Very High Science class by the end of 

PDS II.  

The High Moderate Math/Low Moderate Science class was perhaps the most 

intriguing class, evidenced by the rather large disparity between their math and science 

efficacy scores at the beginning of PDS I. This class had the largest percentage of 

members that showed a decrease over the course of the PDS year (6%). Most of the 

class (63%) had a small gain in math efficacy and a larger gain in science efficacy, 

evidenced by their movement into the High Math/High Moderate Science class. About a 

quarter of this class (27%) had moderate gains in both math and science efficacy and 

moved into the High Math/High Science class. Finally, a small percentage (3%) had 

sizeable gain in efficacy and moved into the Extremely High Math/Very High Science 

class.   

Despite the fact that they started with high personal teaching efficacy scores, 

even the Very High Math/High Science class exhibited an increase in efficacy, with 
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100% of the class members moving to the Extremely High Math/Very High Science 

class by the end of PDS II. Of additional interest is the fact that, as a class, this group 

did not experience a decrease in efficacy over the course of the PDS year.  

In summary, the general pattern of change for personal teaching efficacy was 

one of growth. For most of the participants, this growth fell in the slight to moderate 

range of growth. The increases in personal teaching efficacy suggested by the result of 

the final LTA model support previous teacher efficacy research that indicates personal 

teaching efficacy increases as the result of methods courses and student teaching 

(Bleicher, 2004, Ginns & Watters, 1990, Huinker & Madison, 1997, Watters & Ginns, 

1995).   

Final LTA Model for Outcome Expectancy 

As discussed previously, only covariates with complete data sets were included 

in the final model estimation for the Outcome Expectancy construct. For the OE 

construct, the covariates included in the final LTA for the beginning of PDS I were: (1) 

the AMS subscale, (2) the BTMS subscale, and (3) the AUTMS subscale. The covariate 

included in the final LTA for the end of PDS II was the AMS subscale. Figure 4.4 

displays the final OE model with the time-varying variables (attitudes and beliefs 

variables). All variables were allowed to have different transition probabilities at each 

time-point.  

Table 4.33 presents the estimated transition probabilities for the OE construct. 

This table helps summarize the movement between outcome expectancy classes from 

the beginning of PDS I to the end of PDS II. 
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Figure 4.4. Model diagram of the outcome expectancy eta with first order effect, non-
stationary transition probabilities, and covariates. 
 

An examination of Table 4.34 reveals that the change patterns for outcome 

expectancy construct are different that those exhibited for the personal efficacy 

construct. Data in this table suggests a mixed pattern of growth in this construct, with 

both increases and decreases in outcome expectancy occurring in many of the classes. 

Table 4.34  

Estimated Transition Probabilities for the Outcome Expectancy LTA Model 

 End of PDS II 
Beginning of PDS 1 LMM/LMS 

(n = 9) 
MM/MS 
(n = 27) 

HMM/HMS 
(n = 68) 

HM/VHS 
(n = 7) 

LM/LS      (n = 8) .25 .50 .25 .00 
LMM/LMS (n = 23) .11 .82 .06 .00 
MM/MS     (n = 12) .32 .14 .33 .21 
MM/MS     (n = 39)  .00 .08 .92 .00 
HM/HS      (n = 25) .00 .00 1.00 .00 
VHM/VHS  (n = 4) .00 .00 .34 .66 

Note: LM/LS class = low math/low science class, LMM/LMS class = low moderate math/low moderate 
science class, MM/MS = moderate math/moderate science class, HM/HS class = high math/high science 
class, VHM/VHS = very high math/very high science class, HMM/LHS = high moderate math class/high 
moderate science class, HM/VHS class =high math/very high science class. 
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 The Low Math/Low Science class showed the most evidence of growth over the 

course of the PDS year. A quarter of this class showed a slight gain increase in 

outcome expectancy, evidenced by their movement into the Low Moderate Math/Low 

Moderate Science class. The bulk of this class (50%) showed a moderate increase in 

outcome expectancy and moved into the Moderate Math/Moderate Science class. 

Finally, a quarter of this class showed relatively large increase in outcome expectancy, 

evidenced by their movement into the High Moderate Math/High Moderate Science 

class. 

 The Low Moderate Math/Low Moderate Science class exhibited a different 

pattern of growth. A small percentage of this class (11%) had no gain in outcome 

expectancy over the course of the PDS year. A significant majority of this class (82%) 

showed a small increase in outcome expectancy, evidenced by their movement into the 

Moderate Math/Moderate Science class. Finally, a small percentage of this class (6%) 

made a relatively large gain in outcome expectancy and moved into the High Moderate 

Math/High Moderate Science class. 

 The addition of covariates to the measurement model resulted in two classes at 

the beginning of PDS I described as the Moderate Math/Moderate Science class for 

outcome expectancy. However, an examination of the transition patterns for each of 

these groups reveals that the growth patterns for these classes are very different from 

one another. The first Moderate Math/Moderate Science group is distinguished by the 

fact that almost a third of this class (32%) had a decrease in outcome expectancy over 

the course of the PDS year. A small percentage of this class (14%) had no change in 

their outcome expectancy and remained in the Moderate Math/Moderate Science class. 
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About a third of the class (33%) had a slight increase in efficacy, moving into the High 

Moderate Math/High Moderate Science class. Finally, about a fifth of this class (21%) 

had moderate gains in their outcome expectancy, evidenced by their move into the High 

Math/Very High Science class. In contrast, the second Moderate Math/Moderate 

Science class only exhibited two types of movement between classes. A small 

percentage of this group (8%) essentially had no gains in outcome expectancy over the 

course of the PDS year and remained in the Moderate Math/Moderate Science class. 

The majority of this class (92%) had a slight gain in outcome expectancy and moved 

into the High Moderate Math/High Moderate Science class.  

 The final two classes, High Math/High Science and Very High Math/Very High 

Science, are distinguished from the rest of the classes by the fact that all of the 

members of these classes decreased in their outcome expectancy over the course of 

the PDS year. The High Math/High Science group exhibited a slight decrease in 

outcome expectancy and dropped into the High Moderate Math/High Moderate Science 

class. The Very High Math/Very High Science demonstrated even greater decreases in 

outcome expectancy, with 34% of the class experiencing a rather large decrease in 

outcome expectancy and 66% experiencing a modest decrease in outcome expectancy 

over the course of the PDS year.   

The growth patterns for outcome expectancy were very different from the 

patterns exhibited for personal teaching efficacy. These findings are consistent with 

previous teacher efficacy research, which has reported mixed results in regards to 

growth in the outcome expectancy of pre-service teachers (Bleicher, 2004; Ginns & 

Watters, 1990, Watters & Ginns, 1995).   
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Summary of Step 4 

 This step involved bringing together all of the information gathered in the 

previous steps to create the final LTA model. The final model includes covariates that 

aid in explaining the heterogeneity in the classes. The data presented in the estimated 

transition probability tables indicated that each class had distinct patterns of growth for 

the construct under consideration. This type of analysis is very different from traditional 

teacher efficacy studies, which typically report growth in terms of a single class model.   

Evaluation of Dependent Variables for Use in Latent Class Procedures   

Typically, the description of the findings from a LTA study concludes with the 

specification of the final LTA model. However, it is important to ensure that the scales 

used to measure the outcomes (PMTE, PSTE, MTOE, and STOE) produce reliable 

results with the sub-populations of interest (Onweugbuzie & Daniels, 2002). Therefore, 

Cronbach alphas for the outcome variables were calculated for each of the classes 

resulting from the final latent transition models for PTE and OE. 

Table 4.35 presents the results of the Cronbach analyses calculated for the 

classes resulting from the final LTA model for personal teaching efficacy. The results 

indicate that the PMTE and PSTE scales produce consistent results with all of the 

classes in the latent transition model.  Each analysis resulted in a Cronbach alpha value 

above the commonly accepted 0.80 value (Nunnally, 1978). The results indicate that the 

PMTE and PSTE scales produce consistent results with all of the classes in the latent 

transition model.  
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Table 4.35  
 
Means, Standard Deviations, Variances, and Cronbach Alpha Values for the PMTE and 
the PSTE Scales by Class at the Beginning of PDS I and the End of PDS II 
 
Scale M SD Var. α 

Beginning of PDS I 
PMTE (α = 0.88)     
 LM/LMS     (n = 18) 47.50 7.70 59.27 0.88 
 HMM/HMS (n = 36) 51.54 5.47 29.92 0.84 
 HMM/LMS  (n = 33) 42.07 6.79 46.10 0.89 
 VHM/HS     (n = 24) 

 
46.90 8.33 69.34 0.90 

PSTE (α = 0.91)     
 LM/LMS     (n = 18) 43.59 8.73 76.26 0.94 
 HMM/HMS (n = 36) 44.54 6.19 38.32 0.90 
 HMM/LMS  (n = 33) 47.53 7.92 62.80 0.89 
 VHM/HS     (n = 24) 50.48 9.39 88.24 0.92 

End of PDS II 
PMTE (α = 0.94)     
 LMM/MS     (n = 12) 41.50 16.26 264.50 0.98 
 HM/HMS     (n = 31) 57.96 6.31 39.77 0.92 
 HM/HS        (n = 34) 56.21 7.59 57.13 0.94 
 EHM/VHS   (n = 34) 

 
52.93 7.87 61.92 0.92 

PSTE (α = 0.93)     
 LMM/MS     (n = 12) 41.50 16.26 264.50 0.99 
 HM/HMS     (n = 31) 54.87 6.90 47.66 0.93 
 HM/HS        (n = 34) 54.88 7.15 51.16 0.93 
 EHM/VHS   (n = 34) 51.88 7.26 52.65 0.91 
Note: LM/LMS class = low math/low moderate science class, HMM/MS class = high moderate 
math/high moderate science class, HMM/LMS = high moderate math/low moderate science 
class, VHM/HS class = very high math/high science class, LMM/MS = low moderate 
math/moderate science class, HM/HMS = high math/high moderate science class, HM/HS = 
high math/high science class, EHM/VHS class =extremely high math/very high science class. 

 
Table 4.36 presents the results of the Cronbach analyses calculated for the 

classes resulting from the final LTA model for outcome expectancy. The Cronbach 

alpha value for the STOE (α = 0.86) at the beginning of PDS I exceeds the commonly 

accepted 0.80 cutoff value for developed tests, however, the Cronbach alpha value for 

the MTOE (α = 0.77) does not. Additionally, the Cronbach alpha values at the end of 

PDS II are 0.65 (PMTE) and 0.76 (PSTE). Cronbach alpha values for the sub-

populations within the study population present even future evidence of issues with 

these subscales. Seven of the 12 Cronbach alpha values for the subpopulations at the 
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beginning of PDS I also fail to meet the 0.80 standard. More troublesome are the 

Cronbach alpha values for the end of PDS II. The Cronbach alpha values for the sub-

populations range from -3.27 to 0.65. The results of the present study do not support 

the use of these subscales as statistically reliable and valid instruments for use in 

studies utilizing latent class analytic procedures. 

Table 4.36  
 
Means, Standard Deviations, Variances, and Cronbach Alpha Values for the MTOE and 
the STOE Scales by Class at the Beginning of PDS I and the End of PDS II 
 
Scale M SD Var. α 

Beginning of PDS I 
MTOE (α = 0.77)       
 LM/LS      (n = 8) 36.00 3.12 9.17 0.61 
 LMM/LMS (n = 23) 37.05 3.91 15.20 0.66 
 MM/MS     (n = 12) 38.48 3.42 11.72 0.61 
 MM/MS     (n = 39)  36.03 4.83 23.32 0.75 
 HM/HS      (n = 25) 36.50 4.37 19.06 0.74 
 VHM/VHS  (n = 4) 40.67 8.94 79.86 0.96 
STOE (α = 0.86)     
 LM/LS      (n = 8) 37.00 3.78 14.29 0.79 
 LMM/LMS (n = 23) 37.64 4.10 16.81 0.84 
 MM/MS     (n = 12) 37.50 4.57 20.87 0.86 
 MM/MS     (n = 39)  35.52 5.34 28.54 0.86 
 HM/HS      (n = 25) 36.67 4.15 17.24 0.79 
 VHM/VHS  (n = 4) 39.71 9.48 89.09 0.98 

End of PDS II 
MTOE (α = 0.65)     
 LMM/LMS  (n = 9) 33.00 2.49 6.18 0.05 
 MM/MS      (n = 27) 36.38 1.75 3.05 -1.02 
 HMM/HMS (n = 68) 39.10 0.97 0.94 -3.27 
 HM/VHS     (n = 7) 43.17 2.29 5.24 -0.22 
STOE (α = 0.76)     
 LMM/LMS  (n = 9) 32.92 2.64 6.99 0.42 
 MM/MS      (n = 27) 36.76 2.05 4.19 0.11 
 HMM/HMS (n = 68) 39.50 1.18 1.39 -1.23 
 HM/VHS     (n = 7) 43.09 3.33 11.09 0.65 
Note: LM/LS class = low math/low science class, LMM/LMS class = low moderate math/low 
moderate science class, MM/MS = moderate math/moderate science class, HM/HS class = 
high math/high science class, VHM/VHS = very high math/very high science class, HMM/LHS 
= high moderate math class/high moderate science class, HM/VHS class =high math/very 
high science class. 
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Summary 

 Chapter 4 presents a detailed explanation of the analytical steps used in the 

present study. Significant findings from each step were used to inform the subsequent 

steps in the modeling process resulting in the specification of the final latent transition 

models for personal teaching efficacy and outcome expectancy. Chapter 5 presents a 

synthesis of these findings and situates them in the context of previous teacher efficacy 

research.  
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CHAPTER 5  

DISCUSSION AND CONCLUSIONS 

 This chapter presents a discussion of the results of an application of latent 

transition analysis (LTA) to the study of pre-service teachers’ mathematics and science 

efficacy. The purpose of the present study was three-fold. First, the study sought to 

verify the dual-class model of teacher efficacy commonly presented in the literature 

(e.g., Gibson & Dembo, 1984). Second, the study explored the effect of covariates on 

pre-service teacher efficacy classes. Two types of variables were examined: time-

invariant and time-varying. Finally, the present study utilized a pedagogical approach to 

explain and report the LTA process and procedures.  

Latent transition analysis provides a new perspective to the study of teacher 

efficacy. The results of the present study are presented in two sections in order to show 

how the findings of the present study fit into the larger picture of teacher efficacy 

research. First, a discussion of results as they relate to the guiding questions is 

presented. Second, the findings of the present study are compared to results of 

previous teacher efficacy studies. In addition, limitations of the present study are 

discussed. The chapter concludes with recommendations for future research related to 

mathematics and science teaching efficacy. 

Discussion of Research Questions 

This section presents the findings of the LTA and latent class analysis (LCA) as 

they relate to the research questions that guided the present study. The following 

questions are pertinent to the present study: 
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1.) Is there a statistically significant effect of covariates (time-invariant and/or time-

varying) on pre-service teachers’ science and mathematics efficacy by class? 

2.) Is there a statistically significant effect of covariates (time-invariant and/or time-

varying) on class membership over time? 

This section synthesizes the findings of the present study as they relate to the guiding 

questions and connects the findings to the larger purposes of the study. 

Discussion of Question 1 

 Question 1 examined the effect of two types of variables (time-invariant and/or 

time-varying) on pre-service teachers’ science and mathematics efficacy by class. 

There are two parts of this question that require consideration: (1) the number of 

classes observed at each time-point and (2) the variables that affect class membership. 

In addition, full discussion of this question requires comparison of the methodology of 

the present study to those traditionally utilized in teacher efficacy studies. 

 Teacher efficacy has been conceptualized in the literature as a dual class 

phenomenon (high versus low efficacy) (Ashton & Webb, 1986; Gibson & Dembo, 1984; 

Guskey & Passaro, 1994; Housego, 1992; Woolfolk & Hoy, 1990). One problem with 

this approach is that a precise definition of what constitutes high and low efficacy is 

absent in the literature. In fact, many teacher efficacy studies report growth in efficacy 

over the course of treatment (i.e., a university-based educational methods course) as if 

the participants were a homogeneous group, yet refer to high and low efficacy groups in 

the discussion. Essentially, researchers have categorized efficacy results in one of two 

ways: as a single class model with extremes (high and low) based on scores or as a 

dual-class model (high and low). In either case, many researchers assume the 
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presence of one of these types of class models and fail to utilize sound statistical 

methods to confirm the actual number of classes represented in population of their 

study.  

The present study makes no assumptions about the number of classes in the 

study population. Instead, LCA was used to determine the number of classes that best 

fit the data for each time-point in the study. LCA groups individuals into classes based 

on “a set of mutually exclusive latent classes that account for the distribution of cases 

that occur within a crosstabulation of observed discrete variables” (McCutcheon, 1987, 

p.8). 

Based on the latent class model results, the findings of the present study suggest 

that pre-service teacher efficacy is a multi-class phenomenon. Specifically, the findings 

of the present study suggest that personal teaching efficacy in mathematics and science 

is a four-class model at the beginning of PDS I and the end of PDS II. In the final LTA 

model, the efficacy classes were Low Math/Low Moderate Science, High Moderate 

Math/High Moderate Science, High Moderate Math/Low Moderate Science, and Very 

High Math/High Science at the beginning of PDS I. At the end of PDS II, the efficacy 

classes were Low Moderate Math/Moderate Science, High Math/ High Moderate 

Science, High Math/ High Science, and Extremely High Math/Very High Science. 

The findings indicate that several variables were statistically significant predictors 

of efficacy class membership for the Low Math/Low Moderate Science class at the 

beginning of PDS I. The time-invariant variables were K-12 and college mathematics 

experiences, mathematics and science teacher perceptions, and the number of high 

school science courses taken. The time-varying variables were beliefs about 
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mathematics and science, attitudes about mathematics and science, and attitudes 

toward using technology to teach mathematics and science. 

In addition, the findings indicate that four variables were statistically significant 

predictors of efficacy class membership for the High Moderate Math/High Moderate 

Science at the beginning of PDS I. Mathematics teacher perceptions was the only time-

invariant variable that affected this class. The time-varying variables were beliefs about 

mathematics and science, attitudes about mathematics and science, and attitudes 

toward using technology to teach mathematics and science. 

Further, the findings indicate that three variables were statistically significant 

predictors of efficacy class membership for the High Moderate Math/Low Moderate 

Science class at the beginning of PDS I. The number of college mathematics courses 

taken was the only time-invariant variable that affected this class. The time-varying 

variables were beliefs about mathematics and science and attitudes toward using 

technology to teach mathematics and science. 

The findings indicate that several variables were statistically significant predictors 

of efficacy class membership for the Low Moderate Math/Moderate Science class at the 

end of PDS II. The time-invariant variables were the number of high school science 

courses taken and the number of college mathematics courses taken. The time-varying 

variables were beliefs about mathematics and science, attitudes about mathematics and 

science, beliefs about teaching mathematics and science, attitudes about teaching 

mathematics and science, and attitudes toward using technology to teach mathematics 

and science. 
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In addition, the findings indicate that four variables were statistically significant 

predictors of efficacy class membership for the High Math/ High Moderate Science class 

at the end of PDS II. No time-invariant variable had an effect on class membership for 

this class. The time-varying variables were attitudes about mathematics and science 

and attitudes toward using technology to teach mathematics and science. 

Further, the findings indicate that three variables were statistically significant 

predictors of efficacy class membership for the High Math/ High Science class at the 

end of PDS II. No time-invariant variable had an effect on class membership for this 

class. The time-varying variables were attitudes about mathematics and science and 

attitudes toward using technology to teach mathematics and science. 

Discussion of Question 2 

Question 2 examined the effect of two types of variables (time-invariant and/or 

time-varying) on efficacy membership over time. The findings indicate that two time-

invariant variables are statistically significant predictors of PTE class membership over 

time. These variables are the number of high school science courses taken and the 

number of college mathematics courses taken. These results suggest that these 

background variables have a lasting effect on personal teaching efficacy. These findings 

corroborate Bandura’s (1977b) hypothesis that early learning experiences have a 

significant impact on efficacy. 

In addition, the findings indicate that three time-varying variables are statistically 

significant predictors of PTE class membership over time. These variables are beliefs 

about mathematics and science, attitudes about mathematics and science, and 

attitudes toward using technology to teach mathematics and science. Several 
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researchers (Burzal & Paznokas, 2006; Gresham, 2008; Swars, 2005; Swars & Giesen, 

2006; Watters & Ginns, 1995) report a positive correlation between teaching efficacy 

and attitudes and beliefs. Pre-service teachers with negative attitudes toward 

mathematics and science tend to have low teaching efficacy, while pre-service teachers 

with positive attitudes toward mathematics and science tend to have high teaching 

efficacy. The findings of the present study also support Bandura’s (1977b) hypothesis 

that emotional arousal can also significantly influence efficacy expectations.  

Comparison to Previous Studies 

The results of the present study substantiate several key findings of previous 

research on teacher efficacy. In particular, four areas are worth noting: (1) general 

findings about teacher efficacy, (2) the relationship between time-invariant (background) 

variables and teacher efficacy, (3) the influence of attitudes and beliefs on the learning 

and teaching of mathematics and science, and (4) issues surrounding the measurement 

and meaning of teacher efficacy. 

General Teacher Efficacy Findings 

The findings of the present study corroborate three general findings about pre-

service teacher efficacy: (1) the correlation between mathematics and science teaching 

efficacy, (2) the suggestion that pre-service teacher efficacy is malleable and grows 

over time, and (3) general characteristics related to teachers categorized as having low 

or high efficacy. Pertinent findings for each of the areasare presented below.  

One consideration of the present study was how to analyze the four outcome 

variables measuring mathematics and science efficacy. These variables consist of 

personal mathematics teaching efficacy (PMTE), personal science teaching efficacy 
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(PSTE), mathematics teaching outcome expectancy (MTOE), and science teaching 

outcome expectancy (STOE). A Pearson product-moment correlation coefficient was 

computed to assess the relationships between the four efficacy subscales. Pearson r 

values indicated a large effect size (r > .5; Cohen, 1988) between the subscales 

measuring personal teaching efficacy (PMTE and PSTE) at the beginning of PDS I and 

the end of PDS II (r =.52 and .72, respectively). In addition, Pearson r values indicated a 

large effect size between the subscales measuring outcome expectancy (MTOE and 

STOE) at the beginning of PDS I and the end of PDS II (r =.81 and .72, respectively). 

These results guided the decision to fit two separate class models at each time-point. 

These two models are the personal teaching efficacy construct (utilizing PMTE and 

PSTE scores) and the outcome expectancy construct (utilizing MTOE and STOE 

scores). The constructs for the present study mirror the constructs traditionally reported 

in teacher efficacy literature-personal teaching efficacy (PTE) and outcome expectancy 

(OE). The decision to combine the outcome variables in this manner is supported by the 

findings of Utley, Moseley, and Bryant (2005), who also reported a strong correlation 

between the PMTE and PSTE (r = .59) and the MTOE and STOE (r = .61). The current 

emphasis on improving mathematics and science education across the K-16 spectrum 

has led to a number of programs that encourage the integration of these two subject 

areas. The findings of the present study suggest that variables that affect efficacy in one 

of these content areas (i.e., math) will also have some affect on efficacy in the other 

content area (i.e., science). 

Second, the findings of the present study suggest that pre-service teacher 

efficacy is malleable and that, in general, personal teaching efficacy increases due to 
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the influence of methods courses and student teaching experiences. The results of the 

final LTA model suggest that a majority of the participants experienced some growth in 

personal teaching efficacy over the course of the PDS year. The findings are similar to 

those reported in previous teacher efficacy research (Housego, 1992; Hoy & Woolfolk, 

1990, Huinker & Madison, 1997; Richardson & Ling, 2008).   

Finally, the results of the present study support several characteristics previously 

attributed to high or low efficacy teachers. The results of the item-response patterns for 

the PTE construct items reveal that participants with higher personal teaching efficacy 

were more likely to continually seek better ways to teach. These participants also 

expressed a higher level of confidence in their ability to use hands-on materials and 

activities in mathematics and science instruction than participants in the lowest efficacy 

class. The findings of the present study support previous teacher efficacy research that 

indicates highly efficacious teachers are willing to experiment with instructional methods 

and materials (Allinder, 1994; Guskey, 1988; Stein & Wang, 1988). Item-response 

patterns also indicate that participants with higher personal teaching efficacy were more 

confident in their ability to answer student questions and explain difficult concepts to 

students compared to participants in the lowest efficacy class. These findings are 

consistent with those of Saklofske, Michaluk, and Randhawa (1988), who reported that 

pre-service student teachers with high PTE scores received higher ratings on 

questioning strategies and lesson implementation from their supervisors than pre-

service student teachers with low PTE scores. 
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Time-invariant Variables and Teacher Efficacy  

The findings of the present study suggest that several time-invariant variables 

are statistically significant predictors of efficacy class membership in the PTE and OE 

constructs. These variables include (1) the number of mathematics and science courses 

taken in high school and college, (2) K-12 and college experiences in mathematics and 

science, and (3) participants’ perceptions about their mathematics and science 

teachers. 

Previous coursework was a predictor of efficacy class membership for both 

personal teaching efficacy and outcome expectancy. For the PTE construct, the number 

of high school science courses taken and the number of college mathematics courses 

taken were statistically significant predictors of class membership at the beginning of 

PDS I and the end of PDS II. For the OE construct, the number of high school 

mathematics courses and the number high school science courses taken were 

statistically significant predictors of class membership at the end of PDS II. Several 

researchers (Bleicher, 2004; Enochs, 1995; Wenner, 1993) have reported correlations 

between previous coursework and pre-service teacher efficacy.  

In addition, previous mathematics and science experiences were also predictors 

of efficacy class membership for both personal teaching efficacy and outcome 

expectancy. For the PTE construct, K-12 and college mathematics experiences were 

statistically significant predictors of class membership at the beginning of PDS I. For the 

OE construct, college science experiences were a statistically significant predictor of 

class membership at the end of PDS II. Several researchers (Bleicher, 2004; Ginns & 
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Watters, 1990; Watters & Ginns, 1995) have reported correlations between previous 

coursework and pre-service teacher efficacy.     

Further, mathematics and science teacher perceptions were also predictors of 

efficacy class membership for both personal teaching efficacy and outcome expectancy. 

For the PTE construct, mathematics teacher perceptions and science teacher 

perceptions were statistically significant predictors of class membership at the beginning 

of PDS I. For the OE construct, science teacher perceptions were a statistically 

significant predictor of class membership at the end of PDS II. Although research is 

limited in the examination of the relationship between teacher perceptions and teaching 

efficacy, the findings of the present study support Bandura’s (1997) contention that 

teacher influences have a powerful impact on the development of personal efficacy.  

Influence of Attitudes and Beliefs on Teacher Efficacy 

 The time-varying variables of attitudes and beliefs about the nature of and the 

teaching of mathematics and science were statistically significant predictors of class 

membership for the personal teaching efficacy and outcome expectancy constructs. 

Attitudes and beliefs variables were measured using the five subscales of the Attitudes 

and Beliefs about the Nature of and the Teaching of Mathematics and Science 

(ABNTMS) scale (McGinnis et al., 1997). These subscales are Beliefs about the Nature 

of Mathematics and Science (BMS), Attitudes toward Mathematics and Science (AMS), 

Beliefs about the Teaching of Mathematics and Science (BTMS), Attitudes toward Using 

Technology to teach Mathematics and Science (AUTMS), and Attitudes toward 

Teaching Mathematics and Science (ATMS). All of these variables were statistically 

significant predicators of class membership in the present study. 
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 The BMS, AMS, and AUTMS variables were statistically significant predictors of 

personal teaching efficacy at the beginning of PDS I and the end of PDS II. In addition, 

the BTMS and ATMS variables were also statistically significant predictors of personal 

teaching efficacy at the end of PDS II. The AMS, BTMS, and AUTMS variables were 

statistically significant predictors of outcome expectancy at the beginning of PDS I. 

Finally, AMS was a statistically significant predictor of outcome expectancy at the end of 

PDS II.  

 The results of the present study support previous research emphasizing the 

importance of understanding how teacher beliefs affect teacher conceptions about the 

teaching and learning of science and mathematics (Brickhouse, 1989, 1990; Lederman, 

1992; Lederman & Zeidler, 1987; Peterson, Fennema, Carpenter, & Loef, 1989; 

Schoenfeld, 1985; Silver, 1985; Thompson, 1984). Richardson (1996) argues that 

beliefs about teaching and learning held by teacher candidates are a key factor in 

learning to teach. Several researchers (McGinnis, Kramer, Shama, Graeber, Parker, & 

Watanabe, 2002; Riggs & Enochs, 1990; Stevens & Wenner, 1996; Watters & Ginns, 

1997) argue it is especially important for teacher educators to understand the role 

beliefs play in learning to teach.   

While all of the attitudes and belief variables had statistically significant effects 

efficacy class membership, attitudes toward mathematics and science (as measured by 

the AMS), was the only variable in the entire study that affected efficacy class 

membership for both constructs on both measurement occasions. Mathematics 

education theorists (Ball 1990a, 1990b; Civil, 1990; Thompson, 1984, 1992) and 

science education theorists (Bybee et al., 1989; Coble & Koballa, 1996; Simpson et al., 
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1994) have long emphasized the importance of attitude in the teaching and learning of 

mathematics and science. Furthermore, several researchers (Bursal & Paznokas, 2006; 

Gresham, 2008; Watters & Ginns, 1995) have noted statistically significant correlations 

between attitude and efficacy. These researchers have found that pre-service teachers 

with negative attitudes toward mathematics and science tend to have low teaching 

efficacy, while pre-service teachers with positive attitudes toward mathematics and 

science tend to have high teaching efficacy. A key tenet in the reform of pre-service 

teacher education is an emphasis on changing prospective teachers’ attitudes and 

beliefs about mathematics and science (Clark & Peterson, 1986; Richardson, 1996). 

The findings of the present study underscore why this emphasis is warranted. 

Issues Related to the Measurement and Meaning of Teacher Efficacy 

 Teacher efficacy research has consistently supported the conceptualization of 

teacher efficacy as a construct with two dimensions. Researchers generally agree that 

the first factor of efficacy, personal teaching efficacy (PTE), is related to an individual’s 

perception of their capability as a teacher. In the present study, PTE is measured using 

the PMTE and PSTE. Items in these subscales all contain the referent “I” and describe 

behaviors or beliefs that the respondent holds about their personal ability to teach 

mathematics or science. Results from the present study suggest that these subscales 

continue to be statistically reliable and valid instruments to measure personal teaching 

efficacy. Cronbach alphas computed on the subscales at the beginning of PDS I exceed 

the common accepted 0.80 cut-off for fully developed instruments (Nunnally, 1978). 

Furthermore, the Cronbach alphas computed on the subscales for each of the sub-

populations within the study population also exceed 0.80 cut-off value. These findings 
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also suggest that the PMTE and PSTE are statistically reliable and valid instruments for 

use in studies utilizing latent class analytic procedures. 

  The second factor in the teaching efficacy construct, general teaching efficacy 

(GTE), has been the subject of a great deal of debate among teacher efficacy 

researchers. In the development of the Science Teaching Efficacy Beliefs Instrument, 

Enochs and Riggs (1990) named the second factor of their scale Science Teaching 

Outcome Expectancy. They argued that items in this portion of the scale reflected the 

outcome expectancy component of Bandura’s (1977b) self-efficacy theory. These items 

all feature the “teacher” as the referent and describe behaviors or beliefs that the 

respondent holds about a teacher’s ability to affect student outcomes in mathematics or 

science. Several researchers (Guskey & Passaro, 1994; Woolfolk & Hoy, 1990) argue 

that these items represent an efficacy expectation about what a teacher could possibly 

do and not an individual’s outcome expectation as hypothesized by Gibson and Dembo 

(1984). Bandura (1997) agrees that these items are not representative of an outcome 

expectation and states that: 

Efficacy to surmount taxing conditions, however, should be measured in terms of 
teachers’ beliefs about their own efficacy to do so rather than about the efficacy 
of teachers in general. Teachers’ instructional efforts are governed more by what 
they believe they can accomplish than by their views of other teachers’ abilities to 
prevail over environmental obstacles by effective teaching. (p. 243) 
 

Several teacher efficacy researchers (Guskey & Passaro, 1994; Henson, 2002; Roberts 

& Henson, 2000; Woolfolk & Hoy, 1990) argue that the outcome expectancy construct 

as conceptualized by Gibson and Dembo (1984) received premature acceptance and 

call for continued research to clarify the meaning and measure of the second factor of 

teacher efficacy.      
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 In addition to the conceptual issues detailed above, the OE construct as 

measured by the MTOE and STOE has suffered from issues related to statistical 

validity. Many efficacy studies (Bleicher, 2004; Enochs & Riggs, 1990; Enochs et al., 

2000; Richardson & Ling, 2008; Utley, Mosely, & Bryant, 2005) have reported Cronbach 

alpha values on the outcome expectancy scales below the commonly accepted 0.80 

cutoff value (Nunnally, 1978). The findings of the present study also indicate potentially 

serious issues with the validity of these subscales. The Cronbach alpha value for the 

STOE (α = 0.86) at the beginning of PDS I exceeds the commonly accepted 0.80 cutoff 

value for developed tests, however, the Cronbach alpha value for the MTOE (α = 0.77) 

does not. Additionally, the Cronbach alpha values at the end of PDS II are 0.65 and 

0.76 for the PMTE and PSTE, respectively. Cronbach alpha values for the sub-

populations within the study population present future evidence of issues with these 

subscales. Seven of the 12 Cronbach alpha values for the subpopulations at the 

beginning of PDS I also fail to meet the 0.80 standard. More troublesome are the 

Cronbach alpha values for the end of PDS II. The Cronbach alpha values for the sub-

populations range from -3.27 to 0.65. These results suggest that the MTOE and STOE 

in their present forms do not provide consistent results with sub-populations within a 

study population. The results of the present study do not support the use of these 

subscales for use in studies utilizing latent class analytic procedures. Therefore, further 

discussion of results focuses solely on the results of analyses using the PTE variables.  

 The results of the present study substantiate many previous findings in teacher 

efficacy research. The focus of the discussion now turns to conclusions and 

recommendations based on the findings of the present study.  
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Conclusions and Recommendations 

 The findings of the present study suggest that LTA is a viable method for 

exploring changes in pre-service teacher efficacy for several reasons. First, latent 

transition analysis provides a statistically sound method for divided participants into 

classes based on observed outcomes related to teacher efficacy. This avoids the 

problems associated with assigning class membership based on researcher-defined 

criteria. Second, findings of the present study corroborated many findings from previous 

teacher efficacy studies. These studies indicated that there were distinctive differences 

between pre-service teachers described as high or low efficacy. In addition, the present 

study presented a method for naming efficacy classes based on the scores from 

teacher efficacy measures. Efficacy class names are based on the meaning assigned to 

item responses, as opposed to arbitrarily assigned cut scores. Third, latent transition 

analysis offers a means for describing and assessing the distinct growth patterns for 

each class within the model. Each class is allowed to have individual growth patterns. 

Finally, latent transition analysis is a longitudinal form of analysis. LTA models changes 

in pre-service teachers’ science and mathematics efficacy over time, allowing 

researchers to examine how these changes occur and which variables affect changes in 

efficacy. This modeling technique allows for the longitudinal study of a developmental 

process with minimal loss of data. This process allows researchers to develop a richer 

understanding of how teacher efficacy develops over time.   

 The findings of the present study indicate that LTA and LCA studies have a 

practical application for teacher educators. Specifically, these methods could be used to 

identify pre-service teachers with low mathematics and science efficacy early in the 
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teacher education program. The findings of the present study suggest that these 

teacher candidates would benefit from targeted interventions to help increase their 

mathematics and science efficacy. Previous teacher efficacy research (Housego, 1992; 

Hoy & Woolfolk, 1990) suggests that actual teaching experiences have the greatest 

impact on personal teaching efficacy. These findings suggest that pre-service teachers 

with low efficacy would benefit from additional opportunities to build their teaching 

efficacy during the teacher preparation program. In addition, teacher educators could 

use initial results of the conditional item-probabilities for each particular group of 

students to tailor the methods course curriculum to their students’ needs. For example, 

one group might need additional instruction/scaffolding in developing their questioning 

strategies, while another group might need additional experiences to develop 

confidence in using and managing hands-on instruction strategies. Finally, teacher 

educators could use LTA and LCA methods to assess the short- and long-term effects 

of program changes or other curricula innovations on pre-service teacher efficacy. 

 The findings of the present study also suggest that the subscales that measure 

outcome expectancy (MTOE and STOE) need considerable revision. This 

recommendation is supported by theoretical and methodological findings in the present 

study. Several efficacy researchers (Guskey & Passaro, 1994; Henson, 2002; Roberts 

& Henson, 2000; Woolfolk & Hoy, 1990) argue that scales such as the MTOE and 

STOE do not measure outcome expectancy as conceptualized by Bandura (1977b). 

This is because the items on these scales contain “teacher” as the referent. In addition, 

the reported Cronbach alphas for these subscales in several efficacy studies (Bleicher, 

2004; Enochs & Riggs, 1990; Enochs et al., 2000; Richardson & Ling, 2008; Utley, 
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Mosely, & Bryant, 2005) have been below the commonly accepted 0.80 value 

(Nunnally, 1978).   

 Three suggestions for revising these subscales are proposed. First, rewriting the 

items using the referent “I” instead of “teacher” would align the items with Bandura’s 

(1977b, 1997) conception of outcome expectancy. Second, increasing the number of 

responses from five to six choices should improve the Cronbach alpha values. Weems 

and Onweugbuzie (2001) observed that increasing the number of response items from 

an odd number of options to an even number of options notably increased reliability 

scores. This eliminates the possibility of “piling on the mid-point” (Alreck & Settle, 1985, 

p. 156.) Finally, writing all of the questions using positive stems could also potentially 

increase the score reliability (Barnette, 2000; Weems & Onweugbuzie, 2001). In 

particular, using a positive stem might attenuate the problems with item 10 noted in the 

present study and in previous efficacy studies (Bleicher, 2004, Enochs et al., 2000).  

 Once the MTOE and STOE subscales are revised, the MTEBI-r and STEBI-B 

should be subjected to advanced statistical analyses, such as confirmatory factor 

analysis (CFA) (Henson, 2002). In addition, parallel in-service versions of the MTEBI 

and STEBI need to be revised and tested using CFA. These instruments are needed in 

order to conduct longitudinal studies that follow pre-service teachers into the field. 

Limitations  

The present study is limited in its scope and generalizability for several reasons. 

First, the sample size is small; therefore, the findings cannot be generalized to a larger 

population. Second, the homogeneity of the study population precluded the analysis of 

gender as variable affecting efficacy class membership. Gender is a key covariate 
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previously linked to science teaching efficacy (Bleicher, 2004; Riggs, 1991). Third, the 

length and format of Sections B and C of the demographic instrument (Appendix A) 

likely contributed to the incomplete data related to high school and college mathematics 

and science coursework, previous mathematics and science experiences (K-12 and 

college), and perceptions of mathematics and science teachers. As discussed 

previously, several of these variables were statistically significant predictors of class 

membership at the beginning of PDS I and/or the end of PDS II. In addition, these 

variables were statistically significant predictors of class membership in the PTE and/or 

OE constructs. However, the incomplete data precluded the inclusion of these variables 

in the final LTA model. Thus, the effect of these variables on efficacy class membership 

over time was not assessed in the present study. Fourth, the Cronbach alpha values for 

the BTMS and ATMS subscales in the present study were below the commonly 

accepted 0.80 cut-off for fully developed instruments (Nunnally, 1978). A discussion of 

each of these limitations and suggestions for future research are presented below. 

As with many education studies, the sample size in the present study was very 

small. In addition, the homogeneity of the study population in regards to gender and 

ethnicity excluded these variables from the analyses conducted in the present study. 

Teacher efficacy research would benefit from collaborative research projects involving 

multiple teacher preparation programs, similar to the studies conducted by the MTCP 

researchers on pre-service teacher attitudes and beliefs (McGinnis et al., 1997, 

McGinnis et al., 2002). These types of projects would increase the generalizability of 

findings related to pre-service teacher efficacy. 
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The results of the present study suggest that the background variables of 

previous coursework, experiences, and teacher perceptions are statistically significant 

predictor variables for efficacy class membership. Simplifying sections B and C of the 

demographic instrument would increase the likelihood of participants providing all of the 

requested information related to the background variables of previous coursework, 

experiences, and teacher perceptions. Previous teacher efficacy research has 

demonstrated a relationship between these background variables and teacher efficacy 

(Bleicher, 2004; Enoch et al., 1995; Ginns & Watters, 1990; Watters & Ginns, 1995; 

Wenner, 1993). The potential for these background variables to have time-varying 

effects on the development of teacher efficacy and efficacy class membership are areas 

that warrant further exploration.  

Further, the results of the present study suggest that pre-service teacher 

attitudes and beliefs about the nature of and the teaching of mathematics and science 

are statistically significant predictor variables for efficacy class membership. Findings 

from the present study suggest that future research examining the relationship between 

attitudes and beliefs and the development of teacher efficacy are warranted. However, 

the BTMS and ATMS subscales of the ABNTMS need revision in order to bring their 

Cronbach alphas values in line with the commonly accepted 0.80 cut-off for fully 

developed instruments (Nunnally, 1978).   

Suggestions for Future Research 

 The findings of the present study represent a new way of examining the construct 

of teacher efficacy. The conception of teacher efficacy as a multi-class model warrants 

future exploration using latent class and latent transition procedures. In addition, studies 
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utilizing LTA to explore changes in efficacy that occur as pre-service teachers enter the 

field would contribute to the understanding of teacher efficacy. In addition, studies 

assessing the impact of pre-service teacher efficacy on distal outcomes such as teacher 

retention or students achievement are needed. The flexibility of the LTA modeling 

process allows for these types of studies.   

Summary 

 The present study had three purposes. First, the study examined the dual class 

model of teacher efficacy presented by Gibson and Dembo (1984). The findings of the 

present study suggest that teacher efficacy is a multi-class model. In addition, the 

findings support previously described characteristics attributed of high and low efficacy 

teachers. Second, the study explored covariates that have a significant effect on 

efficacy class membership. The results indicate that the time-invariant variables of 

previous coursework, previous experiences, and teacher perceptions do have a 

significant impact on efficacy class membership. In addition, the time-varying effects of 

attitudes and beliefs about mathematics and science also have a significant effect on 

efficacy class membership. Finally, the present study introduced latent transition 

analysis procedures to the study of pre-service teacher efficacy. In order to aid other 

teacher efficacy researchers in the use of this procedure, the present study provided a 

detailed description of each step of the modeling process.     

 In addition, the present study contributed to the study of teacher efficacy in 

several ways. First, the present study introduces a new rationale for naming efficacy 

classes. Second, theoretical and methodological issues related to the outcome 

expectancy component were explored and suggestions for revisions to the outcome 
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expectancy components of teacher efficacy scales were presented. Finally, the findings 

suggest the need for additional research in several ancillary areas related to teacher 

efficacy.  

Ultimately, the goal of any teacher preparation program is to ensure that new 

teachers are fully prepared to enter the teaching field. The needs of the 21st century 

economy require a mathematically and scientifically literate citizenry (Hazen & Trefil, 

1991). Research indicates that effective teachers have the greatest impact on student 

achievement (Darling-Hammond, 2000). Teacher efficacy is one component of effective 

teachers consistently shown to affect students’ achievement, motivation, and personal 

sense of efficacy (Anderson, Greene, & Loewen, 1988; Armor et al., 1976; Ashton & 

Webb, 1986; Bandura, 1997; Midgley, Feldlaufer, & Eccles, 1989; Moore & Esselman, 

1992; Ross 1992).  

The present study provides a detailed example of an application of LTA to the 

study of the development of pre-service teacher efficacy. This modeling technique 

allows for a richer and more detailed analysis of how teacher efficacy changes over 

time. The information provided by these analyses can enable teacher educators to tailor 

their instruction to meet the needs of pre-service teachers and purposely facilitate the 

development of teacher efficacy during the teacher preparation process. In addition, the 

results of the present study indicate that there are still areas of the teacher efficacy 

construct that need further development and refinement. As such, the present study 

provides significant practical and scholarly contributions to the study of teacher efficacy.
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APPENDIX  

DEMOGRAPHIC INSTRUMENT
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Demographic Data 

Section A: General information 

EUID:  ________________ 

Gender: ○ Female  

○ Male 

Ethnicity:    ○ American Indian or Alaskan Native 

   ○ Asian 

  ○ Black or African-American 

  ○ Hispanic or Latino 

  ○ Native Hawaiian or Other Pacific Islander 

  ○ White 

  ○ Other, please specify _________________ 

Year of birth:   _____________ 

Are you in the first generation of college students in your family? 

  ○ No 

  ○ Yes 

Section B: Previous Mathematics Experiences 

High School Mathematics Courses 

Which Mathematics courses did you take in high school? (Please select all that apply) 

○  Algebra I 

○  Algebra II 

○  Geometry 

○  Pre-calculus 
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○  Mathematical Models with Applications 

○  Independent Study in Mathematics 

○  Advanced Placement (AP) Statistics 

○  Advanced Placement (AP) Calculus AB 

○  Advanced Placement (AP) Calculus BC 

○  International Baccalaureate (IB) Mathematical Studies Standard Level 

○  International Baccalaureate (IB) Mathematics Standard Level 

○  International Baccalaureate (IB) Mathematics Higher Level 

○  International Baccalaureate (IB) Further Mathematics Standard Level 

○  Concurrent enrollment in College Mathematics course:  Please indicate course title 

and college where 

taken_______________________________________________________ 

○ Other: Please 

specify____________________________________________________ 

 

In general, I would describe my K-12 mathematics experience as:  

○  Negative 

○  Positive 

College Mathematics Courses 

○  MATH 1100 

○  MATH 1190 

○  MATH 1680 

○  MATH 1350 
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○  MATH 1351 

○  Other: Please 

specify____________________________________________________ 

In general, I would describe my college mathematics experience as:  

○  Negative 

○  Positive 

Section C: Previous Science Experiences 

High School Science Courses 

Which Science courses did you take in high school? (Please select all that apply) 

○  Integrated Physics and Chemistry 

○  Biology 

○  Environmental Systems 

○  Chemistry 

○  Aquatic Science 

○  Physics 

○  Astronomy 

○  Geology, Meteorology, and Oceanography 

○  Advanced Placement (AP) Biology 

○  Advanced Placement (AP) Chemistry 

○  Advanced Placement (AP) Physics B 

○  Advanced Placement (AP) Physics C 

○  Advanced Placement (AP) Environmental Science 

○  International Baccalaureate (IB) Biology 
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○  International Baccalaureate (IB) Chemistry 

○  International Baccalaureate (IB) Physics 

○  International Baccalaureate (IB) Environmental Systems 

○  Scientific Research and Design 

○  Anatomy and Physiology of Human Systems 

○  Medical Microbiology 

○  Pathophysiology 

○  Principles of Technology I 

○  Principles of Technology II 

○  Concurrent enrollment in College Science course:  Please indicate course title and 

college where 

taken_______________________________________________________ 

○ Other: Please 

specify____________________________________________________ 

 

In general, I would describe my K-12 science experience as:  

○  Negative 

○  Positive 

 

College Science Courses 

○  BIOL 1080/1081 

○  BIOL 1130 

○  BIOL 1135 
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○  CHEM 1351 

○  CHEM 1352 

○  GEOG 1710 

○  PHYS 1210 

○  Other: Please 

specify____________________________________________________ 

 

In general, I would describe my college science experience as:  

○  Negative 

○  Positive 

Section D: Perception of Teacher 

Mathematics 

1. My math teacher showed little interest in me. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

2. My math teacher made math interesting. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

3. My math teacher presented material in a clear way. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

4. My math teacher knew when we were having trouble doing the work. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

5. My math teacher did not seem to enjoy teaching math. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

6. My math teacher was willing to give students individual help. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 
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7. My math teacher knew a lot about math. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

8. My math teacher didn’t like us to ask questions. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

Science 

1. My science teacher showed little interest in me. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

2. My science teacher made science interesting. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

3. My science teacher presented material in a clear way. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

4. My science teacher knew when we were having trouble doing the work. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

5. My science teacher did not seem to enjoy teaching science. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

6. My science teacher was willing to give students individual help. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

7. My science teacher knew a lot about science. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree  ○ 

8. My science teacher didn’t like us to ask questions. 

Strongly disagree ○ Disagree  ○ Agree  ○ Strongly Agree   
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