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a b s t r a c t

There is an urgent need to develop appropriate instruments to measure student engagement in math and
science for the fields of research and practice. The present study developed and validated student- and
teacher-report survey measures of student engagement in math and science. The measures are built
around a multidimensional perspective of engagement by using a bifactor modeling approach. The
sample was recruited from an ethnically and socioeconomically diverse middle and high school student
population in the United States. The findings confirmed that student engagement is comprised of
multiple related yet distinct dimensions, with evidence to support a bifactor structural model. There was
also empirical evidence supporting measurement invariance and predictive validity. The results
demonstrate the soundness of the psychometric properties of the Math and Science Engagement Scales.

© 2016 Elsevier Ltd. All rights reserved.
Active engagement in math and science classes is a key
contributing factor to adolescents' academic success and selection
of college majors and careers in science, technology, engineering,
and mathematics (STEM) (Maltese & Tai, 2010; Wang & Degol,
2014b). Research shows a decline in math and science engage-
ment during the secondary school years, especially among low-
income and minority youths (Martin, Way, Bobis, & Anderson,
2015). In order to increase student engagement in math and sci-
ence and identify students who have the highest risk for opting out
of the STEM pipeline, we need to conceptualize and measure
“student engagement” appropriately. Unfortunately, research in this
area has been hindered by inconsistencies in both the definition
and measurement of the student engagement construct (Greene,
2015; Sinatra, Heddy, & Lombardi, 2015). Despite these variations,
there is growing consensus that engagement is a multidimensional
construct that includes behavioral, emotional, and cognitive com-
ponents (Fredricks, Blumenfeld, & Paris, 2004; Wang, Willett, &
Eccles, 2011). However, current self-report measures do not capi-
talize on what a multidimensional conceptualization of
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llectual contributions to the
engagement can offer. In particular, there are only a handful of self-
report student engagement measures that include multidimen-
sional indicators, especially in math and science domains (see
Kong, Wong, & Lam, 2003, for one exception). Moreover, the extent
of psychometric support for these measures is very limited
(Appleton, Christenson, & Furlong, 2008; Fredricks & McColskey,
2012; Greene, 2015).

Developing appropriate instruments to measure math and sci-
ence engagement is urgently needed for both research and practice.
The limited number of validated self-report measures that take a
multidimensional perspective has made it difficult to examine
predictors and consequences of each type of engagement, and
investigate how these dimensions develop and interact over time.
This impedes our ability to identify those students most at risk for
disengaging from math and science classes and to design more
targeted and nuanced interventions for enhancing student
engagement in math and science learning. The present study ad-
dresses these gaps in the literature by using a bifactor modeling
approach to test the psychometric properties of two newly devel-
oped student- and teacher-report survey measures focusing on
math and science domains. The measures were initially developed
through a mixed methods research design using an ethnically and
socioeconomically diverse middle and high school student sample
(see Fredricks et al., 2016; this issue for more information).
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1. Multifaceted nature of student engagement

This study builds upon self-system motivation theory, which
assumes that engagement results from an interaction of the indi-
vidual with the context and is responsive to variations in contextual
characteristics (Connell, 1990). The experiential quality of the
learning activity provides adolescents with information about
themselves as being competent to succeed, as being related to
others in these settings, and as being autonomous learners (Eccles,
Wigfield, & Scheifele, 1997). This information cumulates to influ-
ence adolescents' engagement across various educational activities,
as well as future educational and career aspirations. Over time,
these reciprocal, cyclical processes shape the educational achieve-
ment and choices linked to these aspirations.

Drawing on the self-system motivation theoretical framework,
engagement refers to the observable and unobservable qualities of
student interactions with learning activities (Deci& Ryan, 2000). In
this study, we included four dimensions of engagement: behav-
ioral, emotional, cognitive, and social engagement. These four
components of student engagement are dynamically embedded
within the individual and operate at multiple levelsdthe school
level, the subject area/specific classroom setting level, and the
moment-to-moment activity level (Wang & Degol, 2014b). Given
our interest in understanding the relationship between student
engagement and STEM outcomes, we focused on engagement in
math and science classroom settings.

The most prevalent conceptualization in the literature suggests
that engagement consists of three distinct, yet interrelated com-
ponents: behavioral, emotional, and cognitive engagement
(Fredricks et al., 2004). Behavioral engagement is defined in terms of
involvement in academic and class-based activities, presence of
positive conduct, and absence of disruptive behavior (Fredricks
et al., 2004). Previous survey studies have measured behavioral
engagement with items about attention, participation, concentra-
tion, homework completion, and adherence to classroom rules
(Fredricks & McColskey, 2012). Emotional engagement is concep-
tualized as the presence of positive emotional reactions to teachers,
peers, and classroom activities, as well as valuing learning and
having interest in the learning content (Finn, 1989; Voelkl, 1997).
Emotional engagement has been measured with items about stu-
dents' emotional reactions such as interest, enjoyment, and the
perceived value of learning (Fredricks & McColskey, 2012). Cogni-
tive engagement is defined in terms of self-regulated learning, using
deep learning strategies, and exerting the necessary cognitive
strategies for the comprehension of complex ideas (Zimmerman,
1990). Cognitive engagement has been measured with items
about the use of shallow and deep learning strategies to learn and
understand material, self-regulation, and persistence (Greene,
2015).

In addition to the three components of engagement most often
included in prior studies, we added a social engagement dimension
to reflect findings from our qualitative interviews with students
about the meaning of engagement (see Fredricks et al., 2016; this
issue). In these interviews, adolescents viewed engagement in so-
cial domains as an integral part of their learning in math and sci-
ence classrooms. Social engagement includes the quality of social
interactions with peers and adults, as well as the willingness to
invest in the formation and maintenance of relationships while
learning.

Previous research has shown that student engagement is a
strong predictor of academic performance and choice (Hughes, Luo,
Kwok, & Loyd, 2008). Students with higher behavioral and
emotional engagement tend to attain higher grades and aspire for
higher education (Wang & Holcombe, 2010). The use of self-
regulatory and metacognitive strategies is associated with
academic achievement (Pintrich & DeGroot, 1990). Students who
enjoy, value, and feel competent in their social interactions are
more likely to enlist the support of others for academic tasks.
Students who want to form positive relationships with their peers
are also more likely to have high academic achievement (Kiefer &
Ryan, 2011; Wang & Eccles, 2013). Moreover, youths' interests in
and beliefs about the importance of math and science are associ-
ated with intentions to enroll in elective STEM courses and career
aspirations within STEM-related fields (Wang, 2012; Watt et al.,
2012).

2. Measurement of student engagement

In a recent review of survey measures of engagement, Fredricks
and McColskey (2012) identified only 3 out of 14 self-report survey
measures that had scales assessing multiple dimensions of
engagement. Items used to measure different dimensions of
engagement were used inconsistently across behavioral, emotional,
and cognitive dimensions, and the choice of items often did not
match the theoretical conceptualizations of these constructs. For
example, some measures included effort as an indicator of behav-
ioral engagement to reflect compliance with required work in
school, while others included effort as an indicator of cognitive
engagement to describe the degree of psychological investment in
learning. The wide variation in both the measurement and oper-
ationalization of engagement has made it challenging to compare
findings across studies and draw conclusions about both the pre-
cursors and outcomes of engagement (Fredricks et al., 2004).

The majority of the survey measures (9 out of 14) focused on
general engagement in school rather than engagement in specific
subject areas. They excluded self-report measures of engagement in
math or science that incorporate the multidimensional concept
identified in the review. An extensive body of research suggests
that motivational constructs can be domain specific, especially
constructs that are situation- and subject-relevant (Guthrie &
Wigfield, 2000). Some preliminary research also supports the
domain specificity of student engagement, thoughmore research is
necessary to determine how this construct differs across subject
areas (Martin, 2008). For example, Sinatra et al. (2015) contends
that epistemic cognition, involvement in math and science prac-
tices, topical emotions, and attitudes are domain-specific aspects of
science engagement that are important to consider.

Although researchers have conceptualized student engagement
as a multidimensional construct, many studies have failed to
examine the unique contributions of each dimension of engage-
ment, as well as the general construct of engagement. Therefore, it
is unclear if we can separate the unique contributions of the indi-
vidual dimensions from the effects of the general construct. The
uncertainty of distinguishing between the general construct and
the individual dimensions makes it difficult to test both simulta-
neously (Chen, Jing, Hayes, & Lee, 2013). The bifactor model
approach has recently been proposed to test the psychometric
properties of the psychological constructs that are comprised of
multiple related yet distinct dimensions (Chen et al., 2013). A
bifactor model will allow us to examine if there is a global
engagement factor that accounts for the commonality shared by
the four dimensions. Additionally, it allows the investigation of
whether there are multiple distinct factors that account for the
unique contribution of the specific engagement dimension above
and beyond the global engagement factor (Aguado et al., 2015). The
bifactor model also enables us to test the association of an outcome
variable with the global factor, and the unique contributions of the
specific factors that are distinct from the global factor (Chen et al.,
2013).

Furthermore, few valid teacher report measures were identified
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in the review. Collecting information from teachers can provide an
alternative and important perspective on student engagement.
Having information on student engagement from multiple in-
formants will facilitate the assessment of predictive validity, and
will help identify the unique contributions of each source that may
explain the variance in student achievement outcomes. Finally, the
diversity of participants needs to be expanded. The use of more
ethnically and socioeconomically diverse samples is important for
understanding whether some dimensions of engagement are more
important than others for enhancingmath and science engagement
among minority youths and students from low-income families.
This information is critical for designing interventions aimed at
increasing the representation of minority and low-income youths
in STEM courses and careers.

To address these limitations, the present study aims to develop
and validate student- and teacher-report survey measures of stu-
dent engagement in math and science that are built around a
multidimensional perspective of engagement (i.e., behavioral,
emotional, cognitive, and social engagement). We expand upon
existing research by examining the goodness-of-fit for a bifactor
model of student math and science engagement. The specific vali-
dation activities include confirmatory factor structure and dimen-
sionality analyses, measurement invariance test by grade, gender,
and SES levels, and tests of predictive validity. The sample was
recruited from secondary schools with a socioeconomically and
ethnically diverse student population in the United States.

3. Methods

3.1. Sample and procedure

Participants included middle school and high school students
and their respective math and science teachers. These students and
teachers were recruited from six public school districts in Western
Pennsylvania. The student sample included 3883 6th through 12th
graders (17.5% 6th grade 18.8% 7th grade, 19.4% 8th grade, 12.9% 9th
grade, 10.9% 10th grade, 11.3% 11th grade, and 9.2% 12th grade). The
student sample was 52.1% female, 66.1% European American, 23.8%
African American, 7.2% multiracial, and 2.9% Asian American.
Approximately 38.2% of the student sample qualified for free or
reduced price lunch.

The teacher sample included 65 middle school teachers and 65
high school teachers. The teacher sample was 59.1% female and
96.7% European American. Fifty percent of the teachers taught
math, 46.9% taught science, and 3.1% taught bothmath and science.
Sixty-one percent of the teachers had their master's degree, 35.8%
had their bachelors' degree, and 3.7% had their PhD degree. On
average, they had 12.2 years of teaching experience, ranging from a
new teacher to over 35 years of experience.

At each school, we first described the study to math and science
teachers and obtained their consent accordingly. Students who
agreed to participate in the study were provided with a computer-
based survey and completed the math and science engagement
survey during their regular instruction time in school. In addition to
student engagement information, the survey also asked students to
report on their future career aspirations related to STEM using
scales commonly implemented in national surveys (e.g., NELS and
Add Health). After students completed the survey, we randomly
selected five students who participated in the study to be rated by
their teachers on engagement in math or science classes through
completion of a computer-based survey. In total, teachers reported
on the engagement of approximately 300 students in math and
science. The demographic characteristics of the 300 students were
not significantly different from the 3883 students who completed
the student report survey. Responses were confidential to the
researchers and identification codes were used rather than names.
Student demographic data was collected from school records and
teacher demographic data was collected from teacher self-report
surveys. Student math and science course grades in the fall and
spring were also gathered from school records.

We used a sequential mixed-methods process in designing our
engagement scale (see Fredricks et al., 2016; for more information
on methodology). We first reviewed relevant literature to assemble
conceptualizations of student engagement and existing in-
struments from which potential items might be borrowed or
adapted for use in math and science. Second, we conducted open-
ended interviews with secondary school math and science teachers
and student focus groups and interviews to learn how they
conceptualized “engagement” in math and science class. The
interview data elicited a comprehensive list of indicators for the
construct of math and science engagement. Third, we developed an
initial list of 45 student-report items and 32 teacher-report items to
reflect the multidimensionality of student engagement. Fourth, we
subjected our items to an expert validation procedure in order to
ensure that the items still corresponded to the construct of student
engagement. Finally, we used a cognitive pretesting procedurewith
secondary school students and teachers to ensure that the items
were comprehended and interpreted as we intended (see
Karabenick et al., 2007 for a description of cognitive pretesting).
This process resulted in 33 student-report and 20 teacher-report
items. The teacher survey did not include as many questions
about emotional and cognitive engagement as the student survey
since emotional and cognitive indicators are internal and harder to
evaluate by teachers. The teacher-report items were worded from
the teachers' perspective, but were otherwise comparable to the
student-report items.

3.2. Data analytic strategy

The factor structures of student and teacher items were evalu-
ated separately with confirmatory factor analysis (CFA). We eval-
uated whether the math and science engagement could be
modeled respectively with a bifactor model that contains a global
latent factor of engagement and four specific uncorrelated di-
mensions (behavioral, cognitive, emotional, and social). The bifac-
tor model was compared to and hypothesized to fit better than a
second-order CFA model which measures the overall engagement
factor as a second-order latent factor of four first-order factors.

The student-report engagement scale has 33 items (17 posi-
tively worded and 16 negatively worded) that are all ordinal on a 5-
point Likert scale. The teacher-report engagement scale has 20
items (14 positively worded and 6 negatively worded) on a 5-point
Likert scale. Approaches for modeling method effect due to nega-
tively worded items include using one method factor for positively
worded or negatively worded items, or both positive and negative
method factors (Wang, Chen, & Jin, 2014). For the student-report
items, we used a method factor approach to account for the rela-
tionship among positively worded items. This approach provided
the best model fit and interpretability of factors. The method factor
was not modeled for the teacher items as there were fewer nega-
tively worded items. Additionally, neither the positive nor the
negative method factor improved the model fit. The positive
method factor is uncorrelated with the general or the four specific
engagement factors. In summary, we compared the bifactor model
and the second-order CFA for the teacher-report items, while we
compared the bifactor model and the second-order CFA, both with
a positive method factor, for the student-report items (see Fig. 1 for
a comparison of models for the student-report items). To identify
the bifactor models, the variances of the latent factors were set to 1,
and all factors were uncorrelated with each other. Items with



(a) Bifactor Model

Behavioral 
(Negative)

Emotional 
(Negative)

Social (Positive)

Emotional 
(Positive)

Behavioral 
(Positive)

Social (Negative)

Emotional

Cognitive

Behavioral

General 
Engagement

Cognitive 
(Negative)

Cognitive 
(Positive)

Social

Method (Positive)

(b) Second-Order Model

Behavioral 
(Negative)

Emotional 
(Negative)

Social (Positive)

Emotional 
(Positive)

Behavioral 
(Positive)

Social (Negative)

Emotional

Cognitive

Behavioral

Cognitive 
(Negative)

Cognitive 
(Positive)

Social

Method (Positive)

Engagement

Fig. 1. Models tested for the student-report engagement scale: bifactor model with positive method factor and second-order factor model with positive method factor. Individual
items were grouped for illustrative purposes only.
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standardized factor loading values �.3 were considered to be
strong indicators for the general and specific factors (Reise,
Scheinese, Widaman, & Haviland, 2013).

We chose the means and variance adjusted weighted least
squares estimation method for ordinal variables (WLSMV inMplus;
B. Muth�en, du Toit, & Spisic, 1997), as WLSMV could provide ac-
curate test statistics, parameter estimates, and standard errors
(Flora & Curran, 2004). Since the sampling unit is the classroom
instead of the student, the model chi-square statistic and standard
error of model estimates were adjusted to account for the depen-
dence of students within the samemath or science classroom using
sampling weight (Asparouhov, 2006).

In evaluating goodness of fit of the hypothesized models, we
used a set of four fit indexes that focused on different aspects of
model fit: chi-square statistic, Comparative Fit Index (CFI), Tucker
Lewis Index (TLI), Root Mean Square Error of Approximation
(RMSEA). A model that adequately fits the data will have: CFI � .95,
TLI � .95, and RMSEA � .06 (Hu & Bentler, 1999).

We tested measurement invariance by gender (male vs. female),
race (European Americans vs. African Americans), grade (middle vs.
high school), and SES levels (regular vs. free/reduced lunch). Multi-
group CFA was conducted to compare models with and without
constraints on item loadings (metric invariance). For identification,
one factor loading was constrained to be 1 for each factor while the
factor variance was freely estimated. The c2 difference test statistic
has been shown to be highly sensitive to even trivial differences
between the actual and modeled covariance matrices if sample size
is large (Tomarken & Waller, 2003). Therefore, we examined the
difference in the value of the CFI and RMSEA to assess model fit; a
difference larger than .01 in the CFI and a difference larger than .015
in the RMSEA indicates a meaningful difference in model fit for
testing measurement invariance (Chen, 2007; Cheung & Rensvold,
2002).

To examine predictive validity, we conducted multiple regres-
sion analyses in structural equation modeling (SEM) to investigate
the extent to which the global engagement factor and the four di-
mensions of engagement could predict subsequent math and sci-
ence course grades and STEM major aspirations differentially (e.g.,
how likely are you to pursue a college major in STEM fields?).
4. Results

4.1. Descriptive statistics

Item descriptive statistics are presented in Table 1 for the stu-
dent- and teacher-report math and science engagement items.
4.2. Dimensionality test with confirmatory factor analysis (CFA)

4.2.1. Student report survey
Fit indices for the bifactor model and the second-order factor

model are presented in Table 2. As hypothesized, the bifactor model
with the positive method factor provided a better fit to the data
than the second-order factor model with the positive method fac-
tor (math: DCFI ¼ .020; DRMSEA ¼ .008; science: DCFI ¼ .019;
DRMSEA ¼ .007). The standardized factor loadings for the bifactor
model are displayed in Table 3. For the general engagement factor,
all loading values reached statistical significance (math: M ¼ .52,
range ¼ .15e.75; science: M ¼ .50, range ¼ .14e.77) and were all
above .30 except three social engagement items (items 27, 29, and
33), supporting a strong general engagement factor for both math
and science. Loading values were also varied among items for the
different specific factors. The items with the lowest loadings on the
general engagement factor were from the social engagement factor
(math: range ¼ .15e.50; science: range ¼ .14e.50).

For the specific factors, loadings were, in general, lower than the
loadings on the general engagement factor, except the social
engagement factor. Specifically, the loadings of the cognitive
engagement factor (math: M ¼ .18, range ¼ �.01e.43; science:
M ¼ .23, range ¼ .03e.43) were significantly lower than their
general engagement factor loadings (math: M ¼ .51,
range ¼ .41e.61; science: M ¼ .48, range ¼ .41e.59). This pattern
holds for behavioral engagement items in that specific loadings
(math: M ¼ .18, range ¼ �.07e.42; science: M ¼ .18,
range ¼ .01e.37) were lower than the general loadings (math:
M ¼ .62, range ¼ .39e.75; science: M ¼ .60, range ¼ .39e.77). The
emotional engagement items had slightly lower specific loadings
(math: M¼ .42, range¼ .09e.64; science: M¼ .44, range¼ .17e.67)
when compared to their general loadings (math: M ¼ .58,
range ¼ .48e.72; science: M ¼ .55, range ¼ .44e.71). The social



Table 1
Item descriptive statistics for student- and teacher-report math and science engagement scales.

Student report engagement Teacher report engagement

Math
(n ¼ 3883)

Science
(N ¼ 3883)

Math
(N ¼ 282)

Science
(N ¼ 300)

M SD M SD M SD M SD

Cognitive Engagement
1. I go through the work for science/math class and make sure that it's right. 3.78 .99 3.72 1.00 3.45 1.28 3.37 1.29
2. I think about different ways to solve a problem. 3.67 1.09 3.47 1.11 3.21 1.27 3.22 1.19
3. I try to connect what I am learning to things I have learned before. 3.88 1.08 3.80 1.10
4. I try to understand my mistakes when I get something wrong. 4.21 .96 4.09 1.02 3.80 1.24 3.51 1.23
5. I would rather be told the answer than have to do the work (rev) 3.59 1.30 3.46 1.29 3.22 1.32 3.23 1.30
6. I don't think that hard when I am doing work for class (rev) 3.70 1.19 3.71 1.15
7. When work is hard, I only study the easy parts (rev) 3.98 1.11 3.99 1.09
8. (S) do just enough to get by (rev)/(T) do more than required in class. 3.15 1.25 3.17 1.24 2.58 1.26 2.67 1.35

Behavioral Engagement
9. I stay focused 3.72 1.09 3.69 1.08 3.51 1.27 3.31 1.34
10. I put effort into learning science/math 4.12 .96 4.12 .94 3.73 1.17 3.65 1.17
11. I keep trying even if something is hard. 3.99 1.00 3.95 1.00 3.40 1.27 3.39 1.33
12. I complete my homework on time 4.10 1.13 4.18 1.09 3.81 1.37 3.60 1.420
13. I talk about science/math outside of class 2.77 1.26 2.89 1.29
14. (S) don't participate in class (rev)/(T) participate in class. 4.12 1.10 4.16 1.08
15. I do other things when I am supposed to be paying attention (rev) 3.84 1.11 3.85 1.09 3.51 1.31 3.35 1.26
16. If I don't understand, I give up right away (rev) 4.18 .98 4.21 .97

Emotional Engagement
17. I look forward to science/math class. 3.13 1.39 3.33 1.34 3.39 1.10 3.28 1.10
18. I enjoy learning new things about science/math. 3.38 1.31 3.79 1.23 3.53 1.10 3.72 1.11
19. I want to understand what is learned in science/math class. 4.30 1.01 4.35 .97 4.01 1.14 3.87 1.09
20. I feel good when I am in science/math class. 3.37 1.27 3.48 1.19
21. I often feel frustrated in science/math class (rev) 3.30 1.31 3.48 1.24 3.40 1.14 3.79 1.01
22. I think that science/math class is boring (rev) 3.33 1.40 3.53 1.31
23. I don't want to be in science/math class (rev) 3.69 1.38 3.82 1.32
24. I don't care about learning science/math (rev) 4.33 1.09 4.34 1.07
25. I often feel down when I am in science/math class (rev) 3.98 1.19 4.10 1.11
26. I get worried when I learn new things about science/math (rev) 3.87 1.22 3.91 1.18

Social Engagement
27. I build on others' ideas. 3.14 1.14 3.20 1.14 3.25 1.20 3.26 1.25
28. I try to understand other people's ideas in science/math class. 3.58 1.11 3.62 1.09 3.59 1.10 3.41 1.22
29. I try to work with others who can help me in science/math 3.73 1.18 3.76 1.17 3.67 1.10 3.55 1.12
30. I try to help others who are struggling in science/math 3.50 1.23 3.44 1.23 3.37 1.29 3.33 1.26
31. I don't care about other people's ideas (rev) 4.25 .99 4.29 .96
32. When working with others, I don't share ideas (rev) 4.09 1.04 4.10 1.04 3.94 1.00 3.91 1.11
33. I don't like working with classmates (rev) 4.09 1.17 4.17 1.11

Note. (rev) indicates reverse coded items; (S) refers to student item only; (T) refers to teacher item only.

Table 2
Fit Statistics of three models for Student- and Teacher-Report Math and Science
Engagement Scales.

Model df c2 CFI TLI RMSEA (90% CI)

Student Math
Bifactor 445 4099.14*** .957 .949 .047 (.046, .049)
2nd order CFA 474 5810.97*** .937 .930 .055 (.054, .057)

Science
Bifactor 445 3552.99*** .956 .948 .044 (.042, .045)
2nd order CFA 474 4978.55*** .937 .929 .051 (.050, .052)

Teacher Math
Bifactor 149 282.53*** .988 .985 .057 (.047, .067)
2nd order CFA 166 353.26*** .983 .981 .064 (.055, .073)

Science
Bifactor 149 248.99*** .995 .993 .051 (.039, .062)
2nd order CFA 166 383.15*** .989 .987 .071 (.062, .080)

Note. ***p < .001; Comparative Fit Index (CFI), Tucker Lewis Index (TLI), Root Mean
Square Error of Approximation (RMSEA).
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engagement items had higher specific loadings (math: M ¼ .43,
range ¼ .23e.52; science: M ¼ .43, range ¼ .23e.55) than their
general loadings (math: M¼ .35, range¼ .15e.52; science: M¼ .35,
range ¼ .14e.48). In summary, the general factor accounted for a
large part of the variance of cognitive and behavioral engagement
items, but not for social and emotional engagement items. All factor
loadings on the positive method factor were moderate to strong
and statistically significant (math: range ¼ .21e.48; science: range
¼ .28e.50).
4.2.2. Teacher report survey
Similar to the student-report items, the bifactor model provided

a better fit to the data than the second-order factor model (see
Table 2; math: DCFI ¼ .005; DRMSEA ¼ .007; science: DCFI ¼ .006;
DRMSEA ¼ .020). The standardized factor loadings for the bifactor
model are displayed in Table 3. For the general engagement factor,
all loading values were above .30 and statistically significant (math:
M ¼ .79, range ¼ .55-.92; science: M ¼ .78, range ¼ .35-.96), sup-
porting a strong general engagement factor.

For the specific factors, loadings were, in general, lower than the
loadings on the general engagement factor. Specifically, the load-
ings of the cognitive engagement factor (math: M ¼ .23,
range ¼ .12e.43; science: M ¼ .18, range ¼ .00e.36) were signifi-
cantly lower than their general factor loadings (math: M ¼ .85,
range ¼ .80e.89; science: M ¼ .87, range ¼ .80e.91). This pattern
holds for the behavioral engagement factor in that specific loadings
(math: M ¼ .25, range ¼ .09e.41; science: M ¼ .13,
range ¼ �.01e.28) were lower than the general loadings (math:
M ¼ .85, range ¼ .73-.92; science: M ¼ .90, range ¼ .79e.96).
Similarly, the emotional engagement factor had lower specific



Table 3
Standardized factor loadings of the bifactor measurement model for student- and teacher-report math and science engagement scales (math items/science items).

Student Teacher

General
engagement

Specific
engagement

Method
(POS)

General
engagement

Specific
engagement

Cognitive Engagement
1. I go through the work for science/math class and make sure
that it's right.

.59/.51 .02/.12 .42/.47 .89/.91 .25/.18

2. I think about different ways to solve a problem. .43/.42 �.06/.05 .42/.49 .79/.86 .43/.36
3. I try to connect what I am learning to things I have learned before. .41/.43 �.01/.03 .47/.50
4. I try to understand my mistakes when get something wrong. .52/.48 .08/.19 .40/.45 .92/.90 .19/.19
5. I would rather be told the answer than have to do the work (rev) .61/.59 .30/.32 .80/.80 .12/.18
6. I don't think that hard when I am doing work for class (rev) .45/.45 .39/.40
7. When work is hard I only study the easy parts (rev) .60/.58 .43/.43
8. (S) do just enough to get by (rev)/(T) do more than required in
class.

.44/.41 .30/.31 .87/.89 .14/.00

Behavioral Engagement
9. I stay focused .63/.60 .42/.37 .30/.30 .87/.93 .35/.28
10. I put effort into learning science/math .68/.66 .19/.16 .44/.44 .92/.96 .14/.06
11. I keep trying even if something is hard .66/.63 .08/.11 .38/.40 .91/.95 .09/�.01
12. I complete my homework on time .51/.45 .40/.33 .21/.28 .84/.88 .25/.10
13. I talk about science/math outside of class .39/.39 .00/.01 .36/.41
14. (S) don't participate in class (rev)/(T) participate in class .64/.64 .04/.03
15. I do other things when I am supposed to be paying attention (rev) .66/.65 .38/.37 .73/.79 .41/.22
16. If I don't understand, I give up right away (rev) .75/.77 �.07/.05

Emotional Engagement
17. I look forward to science/math class. .49/.44 .64/.67 .44/.45 .80/.68 .40/.33
18. I enjoy learning new things about science/math. .52/.48 .49/.50 .45/.48 .86/.88 .24/.22
19. I want to understand what is learned in science/math class. .53/.48 .09/.17 .41/.37 .82/.90 .32/.26
20. I feel good when I am in science/math class. .57/.50 .52/.55 .39/.39
21. I often feel frustrated in science/math class (rev) .51/.50 .34/.36 .61/.55 �.03/.05
22. I think that science/math class is boring (rev) .66/.61 .56/.58 .79/.62 .32/.53
23. I don't want to be in science/math class (rev) .68/.66 .58/.60
24. I don't care about learning science/math (rev) .72/.71 .28/.33
25. I often feel down when I am in science/math class (rev) .62/.61 .41/.41
26. I get worried when I learn new things about science/math (rev) .48/.46 .27/.27

Social Engagement
27. I build on others' ideas. .20/.22 .39/.37 .44/.43 .74/.77 .45/.32
28. I try to understand other people's ideas in science/math class. .35/.36 .44/.44 .48/.45 .78/.77 .51/.51
29. I try to work with others who can help me in science/math .15/.14 .52/.55 .37/.44 .56/.51 .36/.56
30. I try to help others who are struggling in science/math .52/.48 .23/.23 .38/.40 .80/.79 .29/.37
31. I don't care about other people's ideas (rev) .50/.50 .50/.47
32. When working with others, I don't share ideas (rev) .46/.45 .44/.43 .55/.35 .22/.58
33. I don't like working with classmates (rev) .26/.28 .50/.51

Note. All factor loadings were significant at p < .05 except those in italic; (rev) indicates reverse coded items; (S) refers to student item only; (T) refers to teacher item only.
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loadings (math: M ¼ .25, range ¼ �.03e.40; science: M ¼ .28,
range¼ .05e.53) when compared to the general engagement factor
loadings (math: M ¼ .78, range ¼ .61e.86; science: M ¼ .73,
range ¼ .55e.90). The social engagement items also had lower
specific loadings (math: M ¼ .37, range¼ .22e.51; science: M ¼ .47,
range ¼ .32e.58) than the general loadings (math: M ¼ .69,
range ¼ .55e.80; science: M ¼ .64, range ¼ .35e.79). In summary,
the general engagement factor accounted for a larger part of vari-
ances for teacher-report engagement items in all four domains.
Table 4
Cronbach's alpha for the student- and teacher-report math and science engagement sca

General engagement Cognitive engagement Beha

Student-report engagement scale
Math .93 .75 .82
Science .92 .76 .81
Teacher-report engagement scale
Math .97 .92 .93
Science .97 .93 .94
4.3. Reliability

4.3.1. Student report survey
We concluded with a bifactor model with four specific factors

for both math and science engagement items. We estimated
Cronbach's alpha for the four subscales and the scale of overall
engagement (see Table 4). Cronbach's alpha for the overall scale
was high. Moderate to high reliability was found for each of the four
subscales.
4.3.2. Teacher report survey
We concluded with a bifactor model with four specific factors

for both math and science engagement items. Table 4 shows that
les.

vioral engagement Emotional engagement Social engagement

.89 .74

.89 .73

.87 .86

.85 .86
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Cronbach's alphas for the overall scale and subscales were high.

4.4. Measurement invariance

4.4.1. Student report survey
The bifactor model fit the data well for the entire sample and for

each group (see Table 5). The metric invariance held by gender,
race, grade, and SES for both math and science engagement items
as the constrained model with equal factor loadings all fit better
than the unconstrained (baseline) models with larger CFI and TLI,
and smaller RMSEA.

4.4.2. Teacher report survey
The bifactor model fit the data well for the entire sample and

within each group (see Table 6). Similar to the student-report items,
metric invariance held by gender, race, grade and SES for bothmath
and science items as the constrained model with equal factor
loadings all fit better with larger CFI and TLI, and smaller RMSEA,
except for grade on math engagement items.

4.5. Predictive validity

4.5.1. Student report survey
Structural equation modeling analysis assessing the predictive

validity of the engagement scales is presented in Table 7. Students
scoring higher on general math and science engagement were
more likely to score higher on math and science achievement
(math: b ¼ .45, p < .001; science: b ¼ .39, p < .001). Similarly,
students with higher general engagement in math and science
were also more likely to report intentions to pursue STEM college
majors (math: b ¼ .36, p < .001; science: b ¼ .41, p < .001). In
addition, each specific engagement factor predicted math and sci-
ence course grades and STEM major aspirations differentially. For
instance, science behavioral engagement factor was the strongest
predictor of science course grade, while science emotional
engagement factor was the strongest predictor of STEM career
aspiration. Overall, the general engagement factor is more predic-
tive of STEM outcomes than specific engagement factors.

4.5.2. Teacher report survey
Students scoring higher on general math and science engage-

ment were more likely to score higher on math and science
achievement (math: b ¼ .61, p < .001; science: b ¼ .63, p < .001).
Table 5
Test of measurement invariance for the student-report math and science engagement sc

Math Model df c2

Gender (male vs. female) 1. Baseline Model 890 4523
2. Metric invariance 967 3233

Race (European American vs. African American) 1. Baseline Model 890 4031
2. Metric invariance 967 3256

Grade (middle vs. high school) 1. Baseline Model 890 4075
2. Metric invariance 967 3201

SES (regular vs. free/reduced lunch) 1. Baseline Model 890 3696
2. Metric invariance 967 3122

Science
Gender (male vs. female) 1. Baseline Model 890 4074

2. Metric invariance 967 2981
Race (European American vs. African American) 1. Baseline Model 890 3843

2. Metric invariance 967 3027
Grade (middle vs. high school) 1. Baseline Model 890 3667

2. Metric invariance 967 3155
SES (regular vs. free/reduced lunch) 1. Baseline Model 890 3417

2. Metric invariance 967 2840

Note. ***p < .001. – indicates that themore constrainedmodel provides better fit than the l
Index (CFI), Tucker Lewis Index (TLI), Root Mean Square Error of Approximation (RMSEA
Regarding STEM career aspirations, students with higher general
engagement in math and science were also more likely to report
intentions to pursue STEM college majors (math: b ¼ .16, p < .001;
science: b ¼ .22, p < .001). Moreover, each specific engagement
factor predicted math and science course grades and STEM major
aspirations differentially. Again, overall, the general engagement
factor is more predictive of STEM outcomes than specific engage-
ment factors.
4.6. Convergence and divergence between student and teacher
reports

Student report and teacher report were moderately correlated
on general engagement (r ¼ .45). Among the four dimensions of
engagement, student report and teacher report were more highly
correlated on behavioral and cognitive engagement (math:
rs ¼ .57e.45; science: rs ¼ .47e.45) while they were less correlated
on emotional and social engagement (math: rs ¼ .34e.21; science:
rs ¼ .39e.28). Regarding the correlations between student
engagement and educational outcomes, teacher report was more
strongly correlated with course grades than student report on the
general engagement and specific engagement dimensions. Student
report was more strongly correlated with career aspirations than
teacher report across the four specific dimensions and general
engagement (see Table 8).
5. Discussion

Improving student engagement in math and science is critical
for academic and professional success in STEM fields. Unfortu-
nately, educators and researchers lack reliable and valid in-
struments to accurately assess adolescents' engagement in math
and science learning activities. This study makes a pivotal contri-
bution through the development of robust and multidimensional
student- and teacher-report survey measures for assessing middle
and high school students' engagement in math and science. This is
the first study in the student engagement literature demonstrating
that a bifactor model fit the engagement factorial structure well.
Our bifactor model suggests that student math and science
engagement are characterized by a global engagement construct, as
well as four unique dimensions: behavioral, cognitive, emotional,
and social engagement. By accounting for the global engagement
and multiple specific dimensions of adolescents' engagement in
ales.

CFI TLI RMSEA (90% CI) Dc2 Ddf DCFI DRMSEA

.06*** .960 .953 .047 (.046, .048)

.37*** .975 .973 .036 (.034, .037) 140.63*** 77 e e

.25*** .963 .957 .044 (.042, .045)

.03*** .973 .971 .036 (.034, .037) 251.94*** 77 e e

.74*** .961 .953 .044 (.043, .045)

.71*** .972 .970 .035 (.034, .037) 199.63*** 77 e e

.75*** .965 .959 .043 (.042, .044)

.70*** .973 .971 .036 (.035, .038) 273.40*** 77 e e

.10*** .958 .950 .044 (.043, .046)

.21*** .973 .971 .034 (.032, .035) 127.84*** 77 e e

.07*** .960 .953 .043 (.041, .044)

.18*** .972 .970 .034 (.033, .036) 199.13*** 77 e e

.69*** .959 .951 .041 (.040, .043)

.75*** .968 .965 .035 (.034, .037) 271.27*** 77 e e

.62*** .963 .956 .041 (.040, .043)

.84*** .973 .970 .034 (.033, .035) 213.33*** 77 e e

ess constrainedmodel and thus difference test cannot be performed; Comparative Fit
).



Table 6
Test of measurement invariance for the teacher-report math and science engagement scales.

Math Model df c2 CFI TLI RMSEA (90% CI) Dc2 Ddf DCFI DRMSEA

Gender (male vs. female) 1. Baseline Model 298 467.37*** .986 .982 .064 (.053, .075)
2. Metric invariance 333 508.09*** .986 .984 .062 (.051, .073) 75.01*** 35 e e

Race (European American vs. African American) 1. Baseline Model 298 475.02*** .984 .980 .066 (.055, .077)
2. Metric invariance 333 483.57*** .986 .985 .057 (.046, .048) 57.94** 35 e e

Grade (middle vs. high school) 1. Baseline Model 298 424.68*** .990 .988 .056 (.043, .067)
2. Metric invariance 333 517.48*** .986 .984 .064 (.053, .074) 96.54*** 35 .004 .008

SES (regular vs. free/reduced lunch) 1. Baseline Model 298 500.67*** .980 .975 .077 (.065, .088)
2. Metric invariance 333 469.31** .987 .985 .060 (.047, .072) 44.09 35 e e

Science
Gender (male vs. female) 1. Baseline Model 298 446.68*** .993 .991 .062 (.050, .073)

2. Metric invariance 333 469.48*** .994 .993 .056 (.044, .067) 62.59** 35 e e

Race (European American vs. African American) 1. Baseline Model 298 427.07*** .994 .992 .058 (.045, .070)
2. Metric invariance 333 403.24** .997 .996 .040(.023, .054) 37.88 35 e e

Grade (middle vs. high school) 1. Baseline Model 298 414.36*** .994 .993 .055 (.041, .067)
2. Metric invariance 333 458.13*** .994 .993 .054 (.041, .065) 68.48** 35 e e

SES (regular vs. free/reduced lunch) 1. Baseline Model 298 409.74*** .991 .989 .059 (.044, .073)
2. Metric invariance 333 441.63*** .991 .990 .055 (.040, .069) 58.74** 35 e e

Note. *p < .05; **p < .01; ***p < .001. – indicates that the more constrained model provides better fit than the less constrained model and thus difference test cannot be
performed; Comparative Fit Index (CFI), Tucker Lewis Index (TLI), Root Mean Square Error of Approximation (RMSEA).

Table 7
Standard estimates of latent regression on the general and specific factors of the math and science engagement.

Course grade STEM career aspiration

Student report Teacher report Student report Teacher report

Math Science Math Science Math Science Math Science

General Engagement .45*** .39*** .61*** .63*** .36*** .41*** .16* .22**
Behavioral Engagement .20*** .27*** .03 .27* �.14*** �.10* .27* .13
Emotional Engagement .03 �.03 �.04 .05 .08** .16*** .29** .16*
Cognitive Engagement �.07 .05 .05 �.04 �.10** .03 .07 .06
Social Engagement �.13*** �.07** �.34* �.16 �.01 �.02 �.11 �.11
R2 .26 .23 .49 .48 .18 .20 .16 .08

Note. *p < .05; **p < .01; ***p < .001.

Table 8
Correlation between course grades, STEM career aspiration, and student and teacher engagement measures.

Science Math

Studenteteacher correlation Correlation with
course grade

Correlation with
career aspiration

Studenteteacher correlation Correlation with
course grade

Correlation with
career aspiration

Student Teacher Student Teacher Student Teacher Student Teacher

General Engagement .45 .31 .59 .43 .24 .45 .39 .57 .36 .22
Cognitive engagement .45 .38 .61 .38 .23 .45 .39 .58 .26 .18
Behavioral Engagement .47 .40 .60 .39 .23 .57 .48 .59 .33 .25
Social Engagement .28 .07 .44 .23 .21 .21 .19 .42 .30 .18
Emotional Engagement .39 .26 .52 .40 .23 .34 .31 .49 .32 .21

Note. All correlations are significant at p < .01 except the italic one. Only students that had both student-report and teacher-report were included.
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math and science, we are able to identify the types of engagement
that most accurately predict STEM-related outcomes. In addition,
this identification enables us to test for additive and interactive
effects among various factors. Furthermore, we are able to inves-
tigate the association of STEM-related outcomes with the global
engagement construct, as well as the unique contribution of the
specific dimensions to STEM outcomes that are distinct from the
global engagement construct.
5.1. Dimensionality and predictive validity

Consistent with the recent literature, our findings support stu-
dent engagement as a multidimensional construct (Reschly &
Christenson, 2012; Wang & Degol, 2014b). The results of our anal-
ysis demonstrate that there are four theoretically distinct
dimensions of engagement, and do not support recent suggestions
to consider student engagement on a continuum rather than using
a dimensional perspective (Sinatra et al., 2015). A multidimensional
perspective on student engagement provides a richer character-
ization of how students act, feel, think, and socialize with others in
math and science classrooms, rather than considering each of the
dimensions separately. Approaching engagement as a multidi-
mensional construct also allows us to consider the impact of each
dimension of engagement separately on math and science
outcomes.

A bifactor model that includes behavioral, emotional, cognitive,
and social engagement, provides a good fit for the data in both
student- and teacher-reports in math and science. The four di-
mensions of math and science engagement form a general factor of
global engagement which captures the common variances shared
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by the four dimensions of the engagement. On the other hand, each
dimension of student engagement represents specific factors,
which capture their unique variances, above and beyond the global
factor of student engagement. These specific dimensions are also
differentially predictive of academic achievement and educational
aspirations, independent of the global engagement factor.

These findings support the perspective that behavioral,
emotional, cognitive, and social engagement are conceptually
related to each other at the global construct level, but also represent
distinct and unique constructs. We see contextually dependent
relevance in both these models, depending on whether scholars
aim to measure engagement along with separate dimensions or
more generally. For example, many important questions remain
about how each dimension of engagement contributes to academic
outcomes and how the dimensions function to shape a student's
overall engagement in math and science. The multidimensional
scales make it possible to test the relations between each type of
engagement and potential outcomes in theoretical models and
create different student engagement profiles. Moreover, the
multidimensional scales can be used in educational settings or in-
terventions to identify and target specific dimensions of engage-
ment among students with low global engagement. In contrast, a
global measure of student engagement may be sufficient for testing
policy relevant questions related to the outcomes of STEM
engagement.

Another important contribution of this study is the inclusion of
a social engagement scale, which reflects social interactions around
instructional content and affective reactions to peers. In reform-
based math and science classrooms, students have extensive op-
portunities to work in groups, share ideas, and explain their
learning. Our findings contribute to a broader understanding of
student engagement by underscoring the importance of the class-
room social environment and identifying a mechanism by which
the quality of social interactions duringmath and science classwork
can influence students' achievement in these subjects. This mech-
anism can likewise be applied to motivation in pursuing STEM
careers.

5.2. Measurement invariance

This study provides empirical evidence to supportmeasurement
invariance by gender, grade level, socioeconomic status, and race. It
suggests that the content of most items were perceived and inter-
preted similarly across these demographic groups. Establishing
measurement invariance is vital to developing a highly generaliz-
able metric of engagement that can be used to predict academic
outcomes for students from an array of demographic groups (Wang
et al., 2011; Widaman & Resie, 1997). There has been a growing
concern that certain groups of students (e.g., girls, students from
low SES families) may be at greater risk for disengaging frommath
and science learning (Wang & Degol, 2014a). Establishing mea-
surement invariance to ensure that measures of engagement
operate similarly across groups allows researchers to make more
appropriate comparisons between groups such as boys and girls
and those from different SES status groups.

5.3. Convergence and divergence between student and teacher
reports

This study also contributes to the literature by developing both
student and teacher self-report measures of student engagement.
The use of multiple informants to assess student engagement
provides a more comprehensive perspective of this construct and
enables us to examine the congruence and divergence between
student and teacher perceptions of student engagement across
different types of engagement. To our knowledge, this is the first
study to examine the correspondence between student and teacher
reports of student engagement in math and science domains.

The classroom is a shared learning context in which teachers
and students are jointly focused on the behavioral and cognitive
dimensions of academic activities. Even in classrooms in which
students are not globally engaged, students' and teachers' under-
standing or perceptions of what it means to be engaged is informed
by years of socialization into the linguistic, social , and cultural
norms of educational environments (Wang & Degol, 2014b; Wang
& Eccles, 2013). Indicators of behavioral and cognitive engage-
ment are also more easily observed in the classroom (Skinner,
Kindermann, & Furrer, 2008). Thus, it is not surprising that teach-
ers and students are more congruent in their behavioral and
cognitive engagement reports in math and science classes. At the
same time, however, classrooms are complex social contexts and
teachers may not have access or insight into how individual stu-
dents feel about class or working with peers (Wang& Eccles, 2012).
Students regulate their emotions in a variety of ways, including
masking negative emotions from teachers or suppressing positive
emotions about the class from peers. Furthermore, emotional
experience and expression is highly individual and variable, mak-
ing it difficult for teachers to accurately assess emotional engage-
ment in each of their students over the course of each school day.
Similarly, it can be challenging to assess students' social engage-
ment with peers, which is multiply determined within the broader
classroom social climate and unfolds fluidly over the course of ac-
ademic activity.

Taken together, teachers and students reports on engagement
could be additive and complementary. Given that the data from
each reporter contributed to explaining variation in student
achievement outcomes, combined with the moderate relationship
between student and teacher reports of student engagement
(r ¼ .45 for both math and science), it is likely that neither student
nor teacher reports alone present a complete picture of student
engagement. The unique experiences and perceptions of students
and teachers position each stakeholder to have different insights
into student engagement and its contribution to learning out-
comes. For example, teachers can observe how students' cognitive
effort is manifested, which may play a role in how students are
graded. Students have insight into their affective reactions, values,
and attitudes toward math and science, which may inform the
development of aspirations to pursue STEM in the future. When
combined, student and teacher reports may provide a more com-
plete, accurate, and balanced picture of each dimension of students'
engagement, which can inform how we think about, assess, and
intervene to improve student achievement in math and science.

5.4. Domain specificity

A final contribution of this study is validation of a measure that
was developed specifically to assess engagement in math and sci-
ence domains. In the past, one approach has been to adapt general
engagement measures for use in specific classes. This approach is
limited because it does not take into account domain specific as-
pects of engagement and assumes engagement is manifested
similarly across different subject areas (Fredricks et al., 2016;
Sinatra et al., 2015). Some of the indicators, especially in the
behavioral domain (e.g., participation, ask questions), are similar to
items in previous general engagement measures (Fredricks &
McColskey, 2012). However, other indicators of engagement, such
as emotions (e.g., frustration) and social engagement (e.g., build on
others' ideas) are either unique to math and science or reflected
differently in these domains. Incorporating domain-specific and
differentiated measures of student engagement is critical to
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determine the extent to which student engagement represents a
general tendency and the extent to which it is content specific
(Sinatra et al., 2015).

5.5. Limitations, future research, and conclusion

It is important to interpret the findings of this study in light of
the following limitations.

First, this study relied exclusively on survey methods. The
integration of multiple methods, such as interviews, experience
sampling methods, and observations to assess engagement could
prove valuable in its ability to holistically explore the construct
(Sinatra et al., 2015; Wang & Degol, 2014a). Second, teachers rated
five students only on engagement, possibly leading to dependence
among ratings from the same teacher. Future studies should obtain
a larger sample of teachers to rate a greater number of students,
allowing a multilevel factorial structure to be conducted, thereby
addressing potential clustering effects. Finally, future studies need
to determine the test-retest reliability of the engagement scales,
whether or not scores are variable over time, and whether the
scales are sensitive to changes in the learning environment.

Ultimately, in order to effectively meet schools' increasing de-
mand for student math and science engagement, educators and
researchers need a richer conceptualization and measurement of
the construct. Our study positively contributes to this objective by
providing empirical evidence supporting the psychometric prop-
erties of the Math and Science Engagement Scales. We anticipate
this measure will be of interest to scholars investigating the
contextual predictors and academic consequences of math and
science engagement. We also anticipate this measure will be useful
for teachers interested in identifying students at risk for math and
science disengagement.
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