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choices. However, the current study intends to focus
exclusively on teacher motivation as the school-level
learning factor for the following two reasons. First, the
school-level learning factors associated with post-second-
ary enrollment in both non-STEM and STEM majors have
been already discovered by Engberg and Wolniak (2010)
using the Educational Longitudinal Study of 2002/06
(which was the same dataset used in the current study).
The results showed that the following school-level learning
factors affect students’ college enrollment: (a) the aspira-
tion of students’ family and friends for the students to
attend college; (b) students’ academic preparation (i.e.,
taking high-level math courses, total AP courses taken, and
high school GPA); and (c) access to parent, peer, and
college-linking networks. Engberg and Wolniak indicated
that these three school-level learning factors reflect cultural
capital theory, human capital theory, and social capital
theory, respectively. Based on the results of their study, the
three school-level learning factors, namely contextual
factors (i.e., cultural, human capital, and social capital),
are considered to affect students’ college enrollment in
either STEM or non-STEM majors. Beyond these three
factors, the effect of teacher motivation on math perfor-
mance, math self-efficacy, and STEM major choices has
not been fully understood. Particularly in this study, it is
rational to consider teacher-related factors such as teacher
motivation because teachers play a critical role in designing
and implementing math learning activities (which are
chosen as the within-school level factors in the study).
Second, methodologically, adding many variables to a
proposed model when using multilevel structural equation
modeling (used in this study) worsens the model fit (Hox,

2010). Accordingly, this study paid attention exclusively to
teacher motivation as the school level factor.

Method

To examine the research questions, this study employed
multilevel structural equation modeling (ML-SEM). ML-SEM
is an appropriate research method for the current study because
we focused on (a) investigating how well the SCCT model fits
the proposed model; and (b) demonstrating the direct and
indirect effects of the selected math-learning instructions on
students’ STEM major choices considering the within- and
between-school levels (see Figure 3). Importantly, ML-SEM,
which is a hybrid model of conventional structural equation
modeling and hierarchical linear modeling, would prevent
biased structural regression coefficients (Muthén & Satorra,
1989). Compared to conventional and single-level SEM, ML-
SEM can provide more accurate and unbiased estimates of
population parameters because it takes into account hierarchi-
cally nested systems that most educational datasets have
(Muthén & Satorra, 1989; Muthén & Muthén, 1998; Kaplan &
Ferguson, 1999). As the Educational Longitudinal Study of
2002 (which the current study used) has a nested structure,
ML-SEM would be necessary to report unbiased results.

Procedures

In the procedures section, we explain how the proposed
model, described in Figure 3, was developed. Specifically,
the study describes (a) how latent constructs are identified;
(b) the ways in which independent, mediator, and
dependent variables are assigned; (c) the extent of intraclass

Figure 2. How People Learn: Brain, Mind, Experience, and School (Bransford, Brown, & Cocking, 1999, p. 22).
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correlations; (d) how missing data were treated; and (e) the
software for data analysis used.

Identification of latent constructs
In the current study, a factor analysis identified math

teacher motivation and math self-efficacy which were
classified as latent constructs. The math teacher motivation
on students’ math learning as obtained from teacher
questionnaires is composed of the following three observed
indicators with reference to math teachers’ perceptions: (a)
math teachers’ attention to students’ success in math; (b)
math teachers’ attention to teaching methods, and (c) math
teachers’ enthusiasm toward students’ math achievement.
These three observed indicators are highly related to each
other based on high factor loadings (i.e., 0.77 , 0.83) and
can be a set of math teacher motivation. Theoretically, these
observed indicators can be considered the psychological
elements of teacher motivation, which include teacher
expectations, efficacy, and attainment value on the positive
effects of teachers’ attention, teaching methods, and
enthusiasm for students’ math achievement (e.g., Eccles,

1987; Feather, 1988; Wigfield & Eccles, 1992, 2001).
Further, the three observed indicators, which are the
responses of math teachers, reflect any one of three cognitive
actions (i.e., expectation, efficacy, and attainment value).
Moreover, modern expectancy value theory indicates that
expectation, efficacy, and value are positively associated with
each other. Therefore, the composite value of the three
observed indicators, which were identified based on the
factor analysis, can be described as teacher motivation.

In the same way, math self-efficacy is well articulated
based on the following observed indicators, which yielded
high factor loadings (i.e., 0.77 , 0.83): (a) students’
confidence level on taking math tests, (b) students’
confidence level on understanding difficult math texts, (c)
students’ confidence level on understanding math class, (d)
students’ confidence level on completing math assign-
ments, and (e) students’ confidence level on mastering
math class skills. The proposed model featured in Figure 3
has the two latent variables (i.e., teacher motivation and
math self-efficacy), which were formed based on the
composite values of the observed indicators.

Figure 3. Multilevel structural model of pre-college math learning instructions and teacher motivation factors on STEM major choices.
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Assignment of independent, mediator, and
dependent variables

The proposed model (see Figure 3) shows independent,
mediator, and dependent variables. In terms of the SEM,
independent variables are called exogenous variables,
whereas dependent variables are equivalent to endogenous
variables. Mediator variables, which are considered
explanatory variables, describe the observed relationship
between independent and dependent variables. Table 1
shows how variables were selected as exogenous, mediator,
and endogenous variables.

Intraclass correlation
Intraclass correlation (ICC) is referred to as the

proportion of the total variability that can be explained as
variability between the groups (Heck, 2001). Therefore,
high intraclass correlation addresses a significant difference
between groups and reflects within group similarity of data
values. The range of the intraclass correlation for the
dependent variables in the current study is from a low of
0.043 to a high of 0.275. Specifically, the ICC of each
dependent variable, the proportion of STEM major choices,
Item Response Theory (IRT) math scores in the first

Table 1
Description of the variables in the ELS: 2002.

Variable name Variable description

Exogenous variables
Computer-based learning Base-Year Student Survey Questionnaire:

In your current or most recent mathematics class, how often do/did you computers? (BYS29H)
1 5 Never; 2 5 Rarely; 3 5 Less than once a week; 4 5 Once or twice a week; 5 5 Every day or almost

every day
Individual-based learning Base-Year Student Survey Questionnaire:

In your current or most recent mathematics class, how often do/did you review the work from the previous
day?

(BYS29A)
1 5 Never; 2 5 Rarely; 3 5 Less than once a week; 4 5 Once or twice a week; 5 5 Every day or almost

every day
Lecture-based learning Base-Year Student Survey Questionnaire:

In your current or most recent mathematics class, how often do/did you listen to the teacher lecture?
(BYS29B)
1 5 Never; 2 5 Rarely; 3 5 Less than once a week; 4 5 Once or twice a week; 5 5 Every day or almost

every day
Teacher motivation Base-Year Teacher Survey Questionnaire:

When students are successful in achieving intended goals or objectives, it is often attributed to one of the
following sources. In your opinion, how important is each source of success?

Teacher’s attention to the unique interests and abilities of the students (BYTM44D)
Teacher’s use of effective methods of teaching (BYTM44E)
Teacher’s enthusiasm or perseverance (BYTM44F)
15 Extremely Important; 2 5 Very Important; 3 5 Not Very Important; 4 5 Not at all Important
Note: The rating scales of these three teacher motivation indicators were reversely coded in the process of

data analysis as follows: 1 5 Not at all important; 2 5 Not very important; 3 5 Very Important; 4 5

Extremely Important
Base-year math IRT scores Base-Year Math Item-Response Theory (IRT)-estimated number right scores (F1TXMBIR):

The estimated number right score for math is an estimate of the number of items students would have
answered correctly if they had responded to all 72 items in the ELS:2002 math item pool

Mediator variables
Math self-efficacy First Follow-Up Student Survey Questionnaire:

In your current or most recent math class, how often do/did the following statements apply to you?
I’m confident that I can do an excellent job on my math tests (F1S18A)
I’m certain I can understand the most difficult material presented in my math textbooks (F1S18B)
I’m confident I can understand the most complex material presented by my math teacher (F1S18C)
I’m confident I can do an excellent job on my math assignments (F1S18D)
I’m certain I can master the skills being taught in my math class (F1S18E)
15 Almost Never; 2 5 Sometimes; 3 5 Often; 4 5 Almost Always

First follow-up math IRT scores First follow-up Math IRT-estimated number right scores (F1TXM1IR):
The estimated number right score for math is an estimate of the number of items students would have

answered correctly if they had responded to all 85 items in the ELS:2002 base-year and first follow-up
math item pool.

Endogenous variable
STEM major choices in post-secondary

settings
Student’s post-secondary major in 2006 (F2MJR2_P)
Note: Major fields are coded as the dummy variable; 1 5 STEM and 0 5 non-STEM

Note. Variable labels in the ELS:02/06 in parentheses.
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