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Primary and secondary students’ exposure to computer science-related activities in school has been steadily
increasing, heightening the need for valid measures regarding impact of these activities on students. This study
reports on the development and validation process of an instrument to measure students’ affective state as it
relates to computer science in an academic setting. The self-report instrument, Computer Science Attitudes Scale
for middle school students (MG-CS Attitudes), was developed based upon expectancy-value theory, which assumes two attitudinal constructs: self-efﬁcacy and outcome expectancy. A set of ten initial items was administered
to 663 middle-grade students from sixth to eighth grade (11–13 years of age). A combination of classical test
theory and item response theory approaches were used to evaluate and validate the instrument using wellestablished construct validity frameworks to guide the process, leading to nine ﬁnal items. The multi-stage
validation process has resulted in a robust, well-functioning instrument, which can be used by researchers and
evaluators to study CS-related educational interventions.

1. Introduction
1.1. Background
The past decade has seen unprecedented growth in industries and
services that depend on computational capabilities provided by computer
scientists and other STEM professionals trained in the use of computational and data-intensive tools, techniques, and theory (Stanton et al.,
2017). However, this growth has not beneﬁted all who are capable or
aspire to do this computationally-intensive work. Large segments of the
United States (U.S.) population, including women and people from historically marginalized groups such as African-Americans and Hispanic/Latinx, are not adequately represented in computationally-intensive
STEM professions and in the higher education degree programs that train
them (Google and Gallup, 2016; Levitan, 2018).
Middle grades (ages 11–13) have been identiﬁed as a critical age for
engaging students, especially females and students from historically
marginalized groups, in computational thinking (CT) and computer science (CS; Denner et al., 2012; Grover et al., 2016). Research has explored

how we can increase student retention (Basawapatna et al., 2010) and
improve learning for CT and CS (Rachmatullah et al., 2020; Wilkerson-Jerde et al., 2015) using approaches ranging from game-based
learning to robotics and music (e.g., Sharek & Wiebe, 2014; Edwards,
2011).
Exposure to computational activities in school can increase students’
interest and ability in computational thinking and computer science,
which in turn can shape their motivation to engage in computing activities in the future and perhaps even to consider careers in computer
science. Researchers and curriculum developers have sought to design
curricula and learning experiences that positively impact students’
computer science (CS) attitudes, especially during these crucial, formative middle-grade years (Lewis, 2010). Thus, attitudinal assessment is an
essential component of curriculum development as it helps to verify the
effectiveness of new curriculum interventions (Porter, 2006).
To date, there are some published validation studies on the development of CS-attitudes scales (e.g., Korkmaz et al., 2017; Tsai et al.,
2019). However, much of this work is not guided by foundational psychological theory nor does it utilize robust psychometric validation
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academic-career goals that emerge from these psychological states and
evolve over time.

methods. The published instruments focused more on measuring attitudes towards the CS constructs, such as algorithm, conditional, and
control (e.g., Tsai et al., 2019). We argue that these speciﬁc constructs, as
well as the vernacular associated with them, are too complex for middle
school students to respond to in a meaningful manner. In addition, a
construct-level approach misses the goal of capturing a holistic affective
response to CS rather than to speciﬁc topical areas within the ﬁeld.
Finally, construct level assessment works at a granularity that greatly
lengthens the instrument, creating the risk of subject fatigue and
non-compliance that far outweighs any additional information that might
be gained (Groves et al., 2009; Tourangeau et al., 2000).
In response, we followed previous studies on STEM attitudes, such as
the studies conducted by Else-Quest et al. (2013), Summers and
Abd-El-Khalick (2018), and Shin et al. (2018), where they deﬁne attitudes as psychological constructs that consist of, but not limited to,
self-efﬁcacy and outcome expectancy. In this current study, we focused
on these two constructs suggested by Osborne et al. (2003) as considered
core components of education-related attitudes. They also add that these
constructs are easily recognized by students in self-report questionnaires.
Building off of these initial works, we report on the development and
validation process of an English language instrument for measuring
attitudinal states related to CS educational experiences for middle-grade
students (MG-CS Attitudes) that utilizes a theoretically guided validation
process.

1.3. Related work
Prior research on the relationship between students’ non-cognitive
aspects of learning in other STEM areas such as science and mathematics has shown a strong relationship between learning experiences,
attitudinal variables such as self-efﬁcacy and outcome expectancy, and
future intentions with regards to career pathways (e.g., Beal and Crockett, 2010; DeWitt et al., 2014; Sadler et al., 2012). Emerging research in
K-12 CS education has similarly revealed important relationships between gender (Guzdial et al., 2012), membership in underrepresented
groups (McKlin et al., 2019), and future career paths (Orton et al., 2016).
Separate literature synthesis efforts by both Fraillon et al. (2019) and
Roman-Gonzalez et al. (2019) reafﬁrmed the need to continue working
on developing instruments designed to measure the cognitive dimensions
of computer science and computational thinking (CT) understanding,
and the associated non-cognitive factors such as self-efﬁcacy and
outcome expectancy that inﬂuence these cognitive outcomes. One of the
earlier instruments related to these non-cognitive factors include the CS
Attitude Survey (Wiebe, Williams, Yang, & Miller, 2003), though McKlin
et al. (2019) and others have noted this instrument’s basis in somewhat
outdated psychological models and the lack of construct validation work
to link it to more modern attitudinal and motivational models. More
current works on the development and validation of the CS-attitudes
instrument were conducted with students from non-English speaking
population, which can create issues of measurement error when translated to English. (e.g., Korkmaz et al., 2017). Korkmaz et al.’s (2017)
Computational Thinking Scales (CTS) is a 29-item instrument that has
individuals self-report on their agreement with statements related to ﬁve
different dimensions of computational thinking, such as algorithmic
thinking and creativity. The instrument was validated with undergraduate students without clear theoretical guidance from non-cognitive
constructs such as self-efﬁcacy or outcome expectancy, though many
items could be construed as measuring these factors. A similar effort by
Kukul et al. (2017) was undertaken with the Computer Programming
Self-efﬁcacy Scale (CPSES). This 31-item instrument was based on
self-efﬁcacy theory and validated with 12–14 year old Turkish students.
As with Korkmaz’s instrument, they developed items around a computational thinking framework, with the items targeting self-efﬁcacy
related to ﬁne-grained CT concepts (e.g., “I know how to use the programming variables”). These two recent instruments both take an
approach to structure item sets around CT/CS constructs and attain
reliability through the development of multiple items related to each
facet of these CT practices or concepts. The broad nature of the CT/CS
frameworks used in their development results in multiple factors and
fairly long instruments. Long instruments are often the result of
attempting to cover all facets of a construct but can create their own
reliability and validity problems resulting from logistical time pressures
or respondent fatigue (Maloney et al., 2011).
The most recent work on a CS-related self-efﬁcacy scale is the Computer Programming Self-Efﬁcacy Scale (CPSES) developed by Tsai et al.
(2019). CPSES consists of ﬁfteen Likert-scale items that measure students’ self-efﬁcacy in ﬁve programming domains: logical thinking, algorithm, control, debugging, and cooperation. Thus, this instrument
takes the same general approach as Korkmaz et al. (2017) and Kukul et al.
(2017) did in developing multiple items across different CT/CS practices.
Even though the Tsai et al. (2019) claim that their instrument is capable
of measuring students’ perceptions of their computational thinking skills,
the instrument lacks a clear exposition of the psychological theory that
underpins its development. Moreover, the wording of some of the Tsai
et al.‘s CPSES items shown in publication (e.g., I can make use of divisions
to enhance programming efﬁciency, and I can ﬁgure out program procedures without a sample.) raises questions as to whether validation was
undertaken in the same language as that of the publication. As Messick

1.2. Theoretical framing
The goal in developing this instrument is to give researchers and
evaluators a short, self-report instrument that would provide insight as to
the impact of educational interventions intended to improve students’
interest in engaging in CS-related educational activities. Our study
attempted to address this need by utilizing a well-accepted psychological
theory – expectancy-value theory (Eccles and Wigﬁeld, 2002; Wigﬁeld
and Eccles, 2000). A modern social psychology model, expectancy-value
theory, takes the fundamental notions of self-determination theory (Deci
and Ryan, 1985) and places them within a goal-directed environment,
such as academic and career pathways. Expectancy-value theory also
leverages Bandura’s (1986) conceptualization of self-efﬁcacy, the belief in
one’s ability to complete tasks or inﬂuence events that have an impact on one’s
life. Self-efﬁcacy has two broad facets: general self-efﬁcacy to face challenges and tasks and self-efﬁcacy speciﬁc to a particular task domain
(Chen et al., 2001). Drawing on the latter, expectancy-value theory helps
frame self-efﬁcacy and outcome expectancy in terms of prospects of
success in a particular academic domain and the value of this academic
subject area in relation to future goals. Expectancy-value theory expands
on outcome expectancy in academic work by positing that
achievement-related performance and future academic or career choices
are most directly inﬂuenced by the individual’s expectations of academic
success and the subjective assessment of the inherent value of these academic tasks (Eccles and Wigﬁeld, 2002; Guo et al., 2015). Expectations
for success and the value a student associates with this are assumed to
directly inﬂuence performance, persistence, and choice in (academic-related) tasks.
Collectively, self-efﬁcacy and outcome expectations shape the goals
students set for themselves, based on both the expected outcome and the
value they place on that outcome. These goals can be motivated by both
the positive desire for a particular outcome and the desire to avoid
negative outcomes (Eccles, 1994). Early in the development of these
social psychology theories, researchers explored the inﬂuence of demographic—including age, gender, and race/ethnicity—and individual
differences on the development of self-efﬁcacy, outcome expectations,
and career interest (Fouad and Smith, 1996). For example, closer to
career entry, these goals may be aligned with actual career choices, while
earlier in a student’s academic life, they may be manifested in broader,
more abstracted career interests. Thus, it is important to recognize the
dynamic, reciprocal nature of self-efﬁcacy, expectancy outcomes and
2
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from an existing, validated attitudinal self-report instrument, the Student
Attitudes toward STEM (S-STEM) Survey (Friday Institute, 2012). More
speciﬁcally, the items were adapted from the Engineering and Technology attitudes subscale of the instrument. The items were all in
Likert-scale type rated on ﬁve-point scales, from 1 (strongly disagree) to 5
(strongly agree). This subscale was also based on the two constructs of
interest: self-efﬁcacy and outcome expectancy. The wording of the items
from the selected subscale was modiﬁed by changing the attitudinal focus
from general engineering and technology to computer science. Table 1
presents the two constructs in the MG-CS Attitudes along with operational deﬁnition of and items associated with each construct. The validation of the S-STEM instrument was conducted using a sample of over
15,000 public school students in the state of North Carolina, USA and is
reported in Unfried, Faber, Stanhope, & Wiebe (2015). Psychometric
tests, including exploratory and conﬁrmatory factor analysis, showed
that the attitude constructs and career interest items were valid and
reliable (Cronbach’s Alpha ranged from 0.83 to 0.92), and tests for
measurement invariance demonstrated that the survey measures the
same information in the same ways across students of different ages,
races/ethnicities, and genders.
This validation study follows the approach proposed by Messick
(1995) along with the American Educational Research Association
(AERA), American Psychological Association (APA), and National
Council on Measurement in Education (NCME) (2014) to validate our
MG-CS Attitudes scale. Based on Messick, an instrument should have
gone through several phases of validation before it can be used and
considered as a validated instrument. In general, Messick emphasizes two
types of validity: content and construct validity. Regarding content validity, researchers may ensure this aspect of validity by doing a thorough
literature review or using a well-accepted theory to underpin the
development of the items. In the current study, we used a well-accepted
theory, the expectancy-value theory (Eccles and Wigﬁeld, 2002; Wigﬁeld
and Eccles, 2000), as our content validity. Moreover, we reviewed the
previous studies on CS-attitudes scale development in order to compare
our work with prior efforts.
Messick (1995) divided construct validity into ﬁve different aspects:
substantive, structural, external, generalizability, and consequential. The
substantive aspect is the construct validity related to the consistency of
participants’ responses to every item on the instrument. In this study, the
substantive aspect was examined by using several reliability values,
including Cronbach’s alpha, Rasch person (plausible-value) and separation (item) reliability. Also, we used cutoffs suggested by DeVellis (2017)
to interpret the reliability values, in which values more than 0.70 are
considered satisfactory. The use of many types of reliability were intended to address the concerns around Cronbach’s alpha, especially related
to the nature of ordinal scale (Cronbach & Shavelson, 2004; Peterson &
Kim, 2013). IRT is able to convert the ordinal scale to a ratio/interval
scale and thus more reliably compute the target statistics (Bond & Fox,

(1995) notes, theoretical framing and wording precision are essential in
the instrument development process, because it is central to ensuring the
content validity of an instrument. Thus, translations of instruments need
to be revalidated. Finally, while they state the instrument is for use with
middle school students and older, the validation sample was college-aged
students.
1.4. Current work
Based on this literature review, there is a clear need for a validated,
short self-report instrument that captures key attitudinal dimensions that
might be affected by CT/CS interventions. Literature also points to
middle grades as a logical starting point for development of such an instrument. A ﬁne-grained understanding of these CT/CS practices and
concepts, and instead target students’ attitudes towards computer science and programming more generally. Guided by prior research work
on non-cognitive STEM factors in this grade range, developing item sets
would be done around the psychological constructs of self-efﬁcacy and
outcome expectancy, both of which have a strong theoretical and
empirical basis and have been utilized extensively in the study of student
engagement and persistence in STEM-oriented academics and career
pathways. Rather than attempt to measure ﬁne-grained distinctions in a
students’ attitudinal orientation towards speciﬁc CS concepts (e.g., loops,
variables), this new instrument would capture broader orientation towards CT/CS based on these two constructs, thus resulting in a relatively
compact instrument. Our argument would be that students in this age
range are unlikely to have formed distinct responses regarding speciﬁc
CS concepts and that even if they did, it would be of little utility in
guiding intervention design.
The current work combines two robust psychometric approaches,
Classical Test Theory (CTT) and Item-Response Theory (IRT) Rasch
which have been well documented and utilized in the psychometric
research literature base. These two approaches, in turn, will be guided by
well-established construct validity frameworks (AERA, APA & NCME,
2014; Messick, 1995) to guide the process. There are a limited number of
studies in CS education research that utilize these validation methods
(e.g., Werner et al., 2012; Zendler, 2019), particularly in the case of
attitudinal instruments. We believe that our current work, utilizing
foundational psychological theory and robust validation methods will
result in an improved instrument for measuring CS-related attitudes for
middle grade students. The following sections will report on the development of such an instrument.
2. Method
2.1. Item development and validation procedure
The initial ten items of our MG-CS Attitudes instrument were adapted
Table 1
Initial MG-CS attitudes.
Construct

Operational Deﬁnition

Item
Code

Item

Self-efﬁcacy

Students’ beliefs about their ability to successfully achieve goals related to computer
science and programming.

Item_1
Item_3
Item_4
Item_10

Outcome
expectancy

Students’ beliefs in the anticipated outcomes that result from engaging in computer science
and programming related activities or behaviors.

Item_2

I would like to create new computer programs.
I am good at building computer programs.
I am good at ﬁxing computer programs.
I believe I can be successful in a career in
programming.
If I learn programming, then I can improve things that
people use every day.
I am interested in what makes computers work.
Designing computer programs will be important for
my future work.
I am curious about how computer programs work.
I would like to use creativity and innovation in my
future work.
When I combine math and science, I can invent more
useful computer programs.

Item_5
Item_6
Item_7
Item_8
Item_9
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Southeastern region of the U.S. participated in this study. More than half
of the students were in the sixth grade (58%) and the remaining students
were in either seventh (12%) or eighth (30%) grade. Reported gender
distribution of the students was near equal, with 48% female and 43%
male, with the remaining 9% of the students not responding to this
question. The students were ethnically diverse: 30% White, 18% Black/
African American, 15% Hispanic/Latinx, 6% Multiracial, 4% Asian, 2%
Native American/American Indian, and 25% other or not identiﬁed. We
also asked students to identify the extent of their prior programming
experience. The response was bifurcated, with 42% of students reporting
limited and 49% reporting high prior programming experience, the
remaining 9% not responding.

2015; Boone et al., 2014; for more detail). We still report Cronbach’s
alpha in our manuscript because it is still highly utilized in the literature
and many readers may not be familiar with the reported person and item
reliabilities computed by our IRT analysis.
The second component of construct validity is the structural aspect,
which examines the number of latent constructs or factors underlying the
instrument as well as the quality of the items occupying each latent
construct. In this study, a combination of exploratory factor analysis
(EFA), conﬁrmatory factor analysis (CFA), and multidimensional Rasch
modeling was used to investigate the structural aspect of the construct
validity. Following best practice, the total sample was equally divided
into two data sets. The ﬁrst data set, called the testing data set, contained
331 students and was used to perform EFA. The results from the EFA
were then compared to the theoretical framing we used when developing
the instrument. CFA and multidimensional Rasch modeling were then
performed to the remaining 332 students, called as training data set, to
conﬁrm the number of factors underlying the instrument. For the CFA,
we used the cutoffs of ﬁt indices suggested by Hu and Bentler (1999) and
Schreiber et al. (2006) with X2/df < 3, CFI >0.95, TLI > 0.95 and RMSEA
< 0.08 or 0.06. As an additional metric, we used the value of 0.50 as the
cutoff for average variance extracted (AVE, Hair et al., 2019). To evaluate
the outcomes from the multidimensional Rasch analysis, we used the
approach suggested by Adams and Wu (2010) to investigate the best
model by looking at the lower chi-square, ﬁnal deviance and Akaike
Information Criterion (AIC). Moreover, the quality of the item was
assessed through mean square (MNSQ) values, using the cutoffs suggested by Linacre (1994), which were between 0.60 and 1.40.
Third, the external aspect of construct validity, or criterion validity,
investigates the correlation of the instrument under development with
instruments measuring similar constructs (Messick, 1995). This external
aspect may also examine the correlation of the instrument with outcomes
or behaviors theoretically or empirically related to the constructs being
measured. Thus, the current study also asked students to answer the
science attitude subscale of the S-STEM (Unfried et al., 2015) because of
its complementary academic area and theoretical similarity. We also
calculated the correlation between students’ scores on the MG-CS Attitudes instrument with their conﬁdence in using a computer and their
self-reported previous programming experience. This was informed by
several studies that found a positive correlation between students’ CS
attitudes and these other two measures (e.g., Roman-Gonzalez et al.,
2018; Rozell and Gardner, 2000). Also, among the 332 students in the
training data set, 243 of them took a CS Concepts Inventory (Rachmatullah et al., 2020) as a cognitive assessment, and thus we were able to
calculate the correlation between these two constructs as well.
The fourth aspect is generalizability, which assumes the fairness of
the instrument, meaning that there is no group of respondents being
privileged or disadvantaged in responding to some of the items. We
performed Differential Item Functioning (DIF) to investigate this aspect.
DIF gender and previous programming experiences were done for this
study, given that gender (e.g., Cai et al., 2017) and prior programming
experiences (e.g., Yukselturk and Altiok, 2017) are demographic factors
that have shown signiﬁcant differences in attitudinal responses to CT/CS.
Cutoff values suggested by Boone et al. (2014), which are > 0.64 showing
bias items, were used to evaluate our items.
Lastly, the consequential aspect of construct validity examines the
intended and unintended consequences of interpretation of the respondents’ scores after performing a statistical analysis on it. Given the
scope of our work, we focused on one intended consequence of use of this
instrument, the potential differences in CT/CS attitudes based on gender
and prior experience. In this study, we compared students’ MG-CS Attitudes scores based on their gender and previous programming experience
to see if we came to the same results as previous published studies.

2.3. Data analysis
For the EFA, the number of factors was decided through evaluating
the Eigenvalues and parallel analysis. EFA was done using the “nFactors”
version 2.3.3 package in R-software (Raîche and Magis, 2010). CFA was
performed in IBM SPSS Amos version 25 (Arbuckle, 2017) and Multidimensional Rasch Analysis and DIF were run in ConQuest version 4.14.2
(Adams et al., 2015). Composite reliability was computed alongside CFA
results to provide the information regarding estimation reliability (Raykov, 1997). The Pearson bivariate correlation test was run to investigate
the correlation between MG-CS Attitudes, CS Concepts Inventory scores,
and science attitude subscale of the S-STEM. Even though these scores
were derived from ordinal scales that are not appropriate to run Pearson
correlation tests, as noted earlier, Rasch modeling allows for the conversion of these data types to ratio-interval data that are more appropriate for parametric tests (see Baker & Kim, 2017; Boone et al., 2014).
The Spearman correlation test was done for the correlation between
CS-attitudes and the two variables with ordinal data (conﬁdence with
using a computer and previous programming experience). Additionally, a
two-way ANOVA test was used to seek the differences in gender and
programming experience as well as the interaction between gender and
programming experience. All of the correlational and ANOVA analyses
were done in IBM SPSS version 25 (IBM Corp, 2017).
3. Results
3.1. Structural aspect
The structural aspect of construct validity was done ﬁrst, given that it
would provide the basis for further analysis or investigation of other
aspects of construct validity. Although we conceptualized the development of the items based on expectancy-value theory (Eccles and Wigﬁeld,
2002; Wigﬁeld and Eccles, 2000), and expected to see two factors,
self-efﬁcacy and outcome expectancy, empirical evidence of the existence of these two factors is needed. To do so, we ﬁrst ran an EFA analysis
to see the number of factors and the item loadings in every factor. Fig. 1
shows a scree plot computed from EFA. Based on Eigenvalues and parallel analysis, only one factor was detected in our data set with 51.6% of
the total variance explained. Moreover, Table 2 shows the factor loadings
and the uniqueness values for every item. It can be seen from Table 2 that
most of the items were well-loaded into one factor with a range of
loadings from 0.552 to 0.796.
As EFA functions as our preliminary investigation for the number of
factors residing in our instrument, we then further investigated the
number of constructs through multidimensional Rasch model and CFA.
As previously mentioned, multidimensional Rasch model provides an
alternative, robust method for factor identiﬁcation. The training data set
was ﬁtted with these two approaches. Table 3 provides the results
computed through multidimensional Rasch modeling. It can be seen that
the two-factor model of the MG-CS Attitudes had lower X2, ﬁnal deviance
and AIC than one-factor and the difference was signiﬁcant (ΔX2 ¼
161.69, Δdf ¼ 1, p < .001). In contrast to the EFA, Rasch indicated that
the two-factor model of the MG-CS Attitudes was the best model for our

2.2. Sample and data collection
A total of 663 middle-grade students that attended schools in the
4
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Fig. 1. The non-graphical solution to the scree test.
Table 4
Rasch item ﬁt indices and Cronbach’s alpha if item deleted.

Table 2
Factor loadings and uniqueness values (*removed in later analysis due to misﬁt).
Item
Code

Loading

Uniqueness

Item

Item_1

.796

.367

Item_2

.679

.539

Item_3
Item_4*
Item_5

.678
.643
.767

.540
.587
.411

Item_6

.748

.441

Item_7

.797

.365

Item_8

.552

.696

Item_9

.690

.524

Item_10

.791

.374

I would like to create new computer
programs.
If I learn programming, then I can improve
things that people use every day.
I am good at building computer programs.
I am good at ﬁxing computer programs.
I am interested in what makes computers
work.
Designing computer programs will be
important for my future work.
I am curious about how computer programs
work.
I would like to use creativity and innovation
in my future work.
When I combine math and science, I can
invent more useful computer programs.
I believe I can be successful in a career in
programming.

Dimension

Item
Code

Measure

Inﬁt
MNSQ

Outﬁt
MNSQ

Cronbach’s Alpha
if Item Deleted

Self-efﬁcacy

Item_1
Item_3
Item_10

0.27
0.48
0.21

0.91
1.06
0.81

0.90
1.14
0.80

.778
.801
.753

Outcome
expectancy

Item_2
Item_5
Item_6
Item_7
Item_8
Item_9

0.29
0.30
0.90
0.18
0.88
0.21

0.92
1.03
1.05
0.95
1.33
0.98

0.91
1.01
1.08
0.95
1.38
0.97

.832
.816
.835
.816
.855
.846

MNSQ values in the range of acceptable values (0.60–1.40), indicating all
the items are well-ﬁtted to the model. A Wright map showing students’
abilities and item difﬁculties were also produced by the Rasch model, and
it is visualized in Fig. 2.
We then compared the factorial structure of the instrument through
CFA by comparing the one-factor model to the two-factor model, named
Original and Revision 1 respectively. We found a better ﬁt with the twofactor model based on the ﬁt indices. However, the ﬁt indices had not yet
reached the cutoffs values. We then compared the Revision 1 model to
the two-factor model without Item_4 (Revision 2), as the results from
IRT-Rasch suggested. The comparison results are provided in Table 5.
Based on Table 5, removing Item_4 from the model produced better ﬁt
indices. Analysis using the Amos software suggested a modiﬁcation to
connect the residual error of the Item_5 and Item_7. Reﬂecting on the
wording of these two items, Item_5 and Item_7 had a similar emotional
orientation, especially with the use of “interested” and “curious” as the
wording, thus providing a parsimonious reason for connecting these

instrument. A logical next step would be to investigate individual items
for model ﬁt.
The Rasch model also provided the indices to evaluate the quality of
individual items by using MNSQ. In both the one-factor and two-factor
models, Item 4 (“I am good at ﬁxing computer programs.”) was indicated as a misﬁtting item given that it had inﬁt and outﬁt MNSQ of 1.83
and 1.88, respectively, in the one-factor model and 1.57 and 1.66 in the
two-factor model. Thus, it was removed for further analysis. The Rasch
two-factor model was rerun, and the new inﬁt and outﬁt MNSQs for the
remaining nine items are shown in Table 4. The revised model showed

Table 3
Comparison between one-dimensional model and two-dimensional model of the MG-CS Attitudes.
Model

X2

df

Final Deviance

AIC

Number of Parameters

Number of Misﬁtting Items

One-dimension
Two-dimension

556.80***
395.11***

9
8

8295.337
8233.393

8323.337
8265.393

14
16

1
1

5
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Fig. 2. Wright Map for the MG-CS Attitudes Scale.

self-efﬁcacy was 0.840, and for outcome expectancy .858. Table 4 shows
the “Cronbach’s alpha if item deleted,” indicating there was no noticeable improvement with the removal of any of the items. The Rasch person
reliabilities for self-efﬁcacy and outcome expectancy were .889 and .916
respectively. Finally, Rasch separation reliability for the two-factor
model was 0.986. In summary, all of the reliability values exceeded the
cutoff value of 0.70, indicating stable responses across samples and items
using a two-factor model.

Table 5
Comparison of CFA results among different models.
Indicator

Original

Revision 1

Revision 2

Revision 3

X2
df
X2/df (<3)
p-value
CFI (>.95)
TLI (>.95)
RMSEA (<.08)
(90% CI)
ΔX2(Δdf)
p-value for ΔX2

231.407
35
6.612
<.001
.892
.861
.132
(.116, .148)
–
–

195.379
34
5.746
<.001
.913
.860
.120
(.104, .136)
36.028(1)
<.001

113.087
26
4.349
<.001
.946
.906
.101
(.082, .120)
82.292(8)
<.001

52.819
25
2.113
.001
.983
.969
.058
(.036, .080)
60.268(1)
<.001

3.3. Construct aspect/criterion validity
Bivariate correlation coefﬁcients were calculated to investigate the
correlation between scores on MG-CS Attitudes scale and other measures
indicated by theory or prior empirical work as expected to be related
(e.g., Roman-Gonzalez et al., 2018; Rozell and Gardner, 2000).
Expectancy-value theory predicts unique contributions but interrelatedness between self-efﬁcacy and outcome expectancy (Wigﬁeld and Eccles,
2000). In addition, studies of the S-STEM instrument (Unfried, Faber,
Stanhope, & Wiebe, 2015), which the MG-CS Attitudes instrument was
based on, show moderate correlation between the Science subscale and
both the Mathematics and Engineering & Technology subscales. Thus we
might expect moderate but unique correlations between the self-efﬁcacy
and outcome expectancy factors of the MG-CS Attitudes, and between
MG-CS Attitudes scale and the S-STEM Science sub-scale. Expectancy-value theory would also predict a relationship of prior experience
and self-efﬁcacy of a common target area (Bandura, 1986; Wigﬁeld and
Eccles, 2000). Finally, one might assume that a broader conﬁdence in
using computers, and CS self-efﬁcacy and outcome expectancy to be
related.
The correlation between CS self-efﬁcacy and outcome expectancy
factors of the MG-CS Attitudes scale was r ¼ 0.815. Though this correlation is high, it is still > 0.90, at which point the two factors might be
considered as identical. Table 6 provides the results of further Pearson
and Spearman correlation tests. Based on the results, CS self-efﬁcacy and
outcome expectancy were signiﬁcantly correlated to science self-efﬁcacy
and outcome expectancy, even though the correlations were mediumweak (>0.25). Both MG-CS Attitudes factors were also signiﬁcantly
correlated with CS conceptual understanding score (r ¼ 0.392 and r ¼
0.395) as well as conﬁdence with using a computer (r ¼ 0.355 and r ¼
0.299). The highest correlation was between CS self-efﬁcacy and

items. By making the two items correlated (Revision 3), the CFI, TLI, and
RMSEA ﬁt indices all improved to be within the range of acceptable
values.
It can also be seen from Table 5, the Revision 3 model had better ﬁtindices than all types of one and two-factor models, most importantly
with a conﬁdence interval of the RMSEA that did not exceed the values of
0.08. The results of the CFA alternative model evaluations points to
supporting the Rasch result recommending a two-factor solution as the
basis for further analyses. Because Schreiber et al. (2006) argued that the
chi-square test is possibly overly sensitive to large sample sizes, we ran
chi-square test of differences (ΔX2) between models to show how signiﬁcant the improvement was from one model to another. Table 5 shows
that each success improvement was signiﬁcant, including the Revision 3
model. The average variance extracted (AVE) for the ﬁrst factor (self-efﬁcacy) was 0.63 and for the second factor (outcome expectancy) was
0.49. Even though the second factor had AVE less than the cutoff value
(0.50), we believed that this is still acceptable given its proximity to the
cutoff value. Moreover, the ﬁrst factor’s composite reliability value was
0.837, while the second factor was 0.852. Our ﬁnal, recommended
model, Revision 3, is visualized in Fig. 3.
3.2. Substantive aspect
The substantive aspect of construct validity assumes the stability of
the students’ responses to the items within each factor. Cronbach’s alpha,
Rasch person (plausible-value/PV) and separation reliabilities were used
to investigate this aspect of construct validity. The Cronbach’s alpha for
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Fig. 3. Conﬁrmatory factor analysis of the two-factor (Revision 3) ﬁnal model.
Table 6
Correlation coefﬁcients between the CS Self-efﬁcacy and outcome expectancy
factors of the MG-CS Attitudes scale and other related constructs (all correlations
are signiﬁcant at α ¼ 0.01).

Table 7
DIF Contrasts for gender and previous experience.
Dimension

Item Code

DIF Gender

DIF Experience

Construct

CS Self-efﬁcacy

CS Outcome Expectancy

Self-efﬁcacy

Science Self-efﬁcacy
Science Outcome Expectancy
CS Conceptual Understanding
Conﬁdence Using Computer
Programming Experience

.347
.270
.392
.355
.527

.304
.311
.395
.299
.383

Item_1
Item_3
Item_10

0.04
0.16
0.11

0.09
0.16
0.08

Outcome expectancy

Item_2
Item_5
Item_6
Item_7
Item_8
Item_9

0.41
0.34
0.51
0.26
0.73
0.20

0.29
0.18
0.12
0.14
0.49
0.22

programming experience, which was r ¼ 0.527, while between CS
outcome expectancy and programming experience was more weakly
correlated (r ¼ 0.383) but still signiﬁcant.

ANOVA test was used to investigate the interaction effect of gender
and previous programming experience on both CS self-efﬁcacy and
outcome expectancy. With regards to self-efﬁcacy, both in male and female groups, students with high experience (M ¼ 0.83, SD ¼ 2.81 and M
¼ 0.04, SD ¼ 2.67, respectively) had higher scores than those with
limited previous programming experiences (M ¼ 0.13, SD ¼ 2.36 and
M ¼ 1.60, SD ¼ 2.80, respectively). The interaction effect between
gender and previous programming experience on CS self-efﬁcacy was not
signiﬁcant (F[1, 292] ¼ 0.81, p ¼ .370, η2p ¼ 0.003). Similarly, for the CS
outcome expectancy, both in both in male and female groups, students
with high experience (M ¼ 1.16, SD ¼ 1.61 and M ¼ 0.32, SD ¼ 1.75,
respectively) had higher scores than those with limited previous programming experiences (M ¼ 0.67, SD ¼ 1.88 and M ¼ 0.06, SD ¼ 1.72,
respectively). Also, the interaction effect between gender and previous
programming experience on CS outcome expectancy was not signiﬁcant
(F [1, 292] ¼ 0.07, p ¼ .790, η2p ¼ 0.000). The results are visualized in
Fig. 4.
A two-way ANOVA test was then run again once more to the model by
removing the interaction effect from the model to examine the main effects of gender and previous programming experiences on CS self-efﬁcacy
and outcome expectancy. For self-efﬁcacy, it was found that males (M ¼
0.54, SD ¼ 2.70) had higher scores than females (M ¼ 0.92, SD ¼ 2.84)
and the difference was signiﬁcant with medium effect size (F [1, 293] ¼
11.83, p < .001, η2p ¼ 0.039). Students with high programming experience (M ¼ 0.47, SD ¼ 2.78) had higher self-efﬁcacy than those with

3.4. Generalizability aspect
DIF analysis was used to ensure that all the items behave in a
consistent fashion to different populations likely to be targeted by this
instrument. As noted in the prior section, the relationship between prior
experience, and self-efﬁcacy and outcome expectancy has been an active
area of research (Usher and Pajares, 2008). Similarly, there is considerable interest in looking at the relationship of gender and CS-related attitudes (e.g., Knezek et al., 2015; Mindetbay et al., 2019). Table 7 shows
the DIF contrasts for all the items in the two analyses of prior experience
and gender. The results indicated that most of the DIF contrasts were less
than the cutoff of 0.64, indicating that the items did not display bias
based on gender or prior programming experience. It is important to note
that while Item_8’s DIF contrast for gender was technically over the
cutoff (0.73), we consider this value acceptable given its proximity to the
cutoff. However, use of the MG-CS Attitudes scale to study gender differences in CS outcome expectancy should take this into account.
3.5. Consequential aspect
Both prior experience and gender are considered to be consequential
demographic factors with regards to attitudes towards CS (e.g., Alexandron et al., 2012; Lewis, 2010; Settle et al., 2015). First, a two-way
7
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Fig. 4. Two-way effect of gender and programming experience on (a) CS self-efﬁcacy and (b) outcome expectancy

limited programming experience (M ¼ 1.12, SD ¼ 2.74), and the difference was statistically signiﬁcant with medium effect size (F [1, 293] <
15.57, p ¼ .001, η2p ¼ 0.050). For outcome expectancy, in terms of gender,
males (M ¼ 0.99, SD ¼ 1.70) were found to have a higher scores than
females (M ¼ 0.10, SD ¼ 1.74), and this was statistically signiﬁcant with
a medium effect size (F [1, 293] ¼ 14.80, p < .001, η2p ¼ 0.048). So to
with the programming experience, students with high programming
experience (M ¼ 0.81, SD ¼ 1.72) had signiﬁcantly (F [1, 293] ¼ 4.30, p
¼ .039, η2p ¼ 0.014) higher scores than those with limited experience (M
¼ 0.17, SD ¼ 1.80).

statistical model they will apply to their instrument. Clearly, more studies
on how students respond to and interpret the items in the MG-CS attitudes instrument is needed to clarify its dimensionality. The last structural aspect that is worth noting is the connection between the items
containing “interest” and “curious” (Item 5 and 7). While these two
words seem very similar, Litman and Silvia (2006) explain that curiosity
is broader in interpretation than interest; where interest is part of curiosity but in a more speciﬁc way. Reﬂecting on the difﬁculty (to agree
with) level provided in Table 3, the curiosity item was easier (0.18 logit)
to agree with by students compared to the interest item (0.30 logit).
Given these differences, we believe that both items are worth retaining.
Substantive validity for the two-factor model was provided by IRTRasch, demonstrating strong values for Cronbach’s alpha (0.840 and
0.858 for self-efﬁcacy and outcome expectancy, respectively), Rasch
person (0.889 and 0.916) and separation (0.986) reliability, all
exceeding the cutoff value of 0.70. In addition, IRT-Rasch showed that
the Item_4 of the original instrument was a misﬁt item based on its MNSQ
values. CFA results supported this item removal, with a signiﬁcant
improvement in the model with the misﬁt item removed. The misﬁtness
might also come from the wording, especially regarding “ﬁxing.” The
problematic use of “ﬁxing” a computer or program was also raised by
Grover et al. (2014) who found this term was not appropriate for middle
school students with regards to computer programming.
Criterion validity was demonstrated with appropriately valued correlations with science self-efﬁcacy, CS conceptual understanding and
conﬁdence with using a computer. Theory and prior empirical work
predicted the demonstrated signiﬁcant but moderate levels of correlation
with all of these alternate measures. Perhaps, as expected, the strongest
of these correlations (r ¼ 0.527) was seen between Programming Experience and CS Self-efﬁcacy. Generalizability was demonstrated using DIF
analysis with gender and previous programming experience. Public
policy and associated research (e.g., Stoilescu and Egodawatte, 2010;
Tsan, Boyer, & Lynch, 2016) has shown a strong interest in studying the
efﬁcacy of interventions addressing gender inequality. For that reason, it
was important to demonstrate that psychometrically, our instrument
functioned similarly with boys and girls. Similarly, prior research has
demonstrated (e.g., Alexandron et al., 2012; Lewis, 2010) a wide range of
prior programming experience among middle grades students, so it was
important for us to demonstrate similar uniform item functioning for this
individual difference. These same two variables were used to demonstrate consequential validity. Our analysis showed a signiﬁcant relationship between prior programming experience and self-efﬁcacy,
supporting a central tenet of the relationship of experience with a subject
area and self-efﬁcacy (Bandura, 1986). Similarly, the overall higher CS
self-efﬁcacy for boys than girls parallels similar ﬁndings by other researchers (e.g., Beyer, 2014; Huang, 2013).

4. Discussion
The validation of the MG-CS Attitudes scale was guided by wellestablished frameworks (AERA, APA & NCME, 2014; Messick, 1995)
which provided sources of evidence across multiple aspects of validity.
Our literature review and theoretical framing based on expectancy-value
theory (Eccles and Wigﬁeld, 2002; Wigﬁeld and Eccles, 2000) provided
our basis of content validity. A discussion of our ﬁndings related to ﬁve
different aspects of construct validity are given below.
For structural validity, expectancy-value theory and prior related
literature guided our exploration of both one and two-factor models.
Whereas the EFA results indicated that a one-factor model might be the
best ﬁtting model, the multidimensional IRT Rasch and CFA ultimately
showed a two-factor model provided the best ﬁt for our data. This twofactor model consists of self-efﬁcacy and outcome-expectancy, which is
in alignment with what we had predicted in our theoretical framing
(Eccles and Wigﬁeld, 2002; Wigﬁeld and Eccles, 2000). These results
differ from the S-STEM Engineering and Technology subscale (Unfried
et al., 2015) that was the basis of the MG-CS attitudes instrument, where
only one factor was found for the subscale. One of the reasons for such
discrepancy is that the validation process of the S-STEM was done in
parallel with three disciplines—engineering and technology, science and
mathematics—which might impact the factor loadings, resulting in factors based on disciplinary areas instead of the psychological dispositions
underlying the scales. Based on Hofer (2000), this outcome may be
because the factors based on disciplinary areas tend to have stronger
inﬂuence on students, suggesting that student response is based more on
disciplinary areas than on the more ﬁne-grained psychological factors.
If we had only relied on EFA results, we would have likely settled on a
one-factor model. Countering such an approach, Fabrigar et al. (1999)
concluded that evaluating the number of factors based only on EFA results leads to poor interpretation of the latent psychological factors underlying surveys. Later studies by Piquero et al. (2000) and Lorenzo-Seva
and Ferrando (2013) demonstrated how the use of several methods,
speciﬁcally IRT, may better inform the researchers when deciding which
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5. Limitations
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Because validation of an instrument is inherently an ongoing, iterative process, we wanted to reﬂect what we feel are some of the limitations
of this initial analysis and possible areas for future work. First, while we
had a sample that was more than adequate for the statistical analyses
conducted, and the sample had a relatively representative racial and
ethnic diversity based on the U.S. population, it still falls quite short of
being a true sample of either the U.S. or international population of
middle grades (ages 11–13) students. This sample was taken from a region in a single state in the U.S. and therefore does not represent the true
cultural diversity of the U.S. or internationally. In addition, this instrument currently only exists in the English language. We welcome other
researchers using and studying this instrument in other locales and
adding their ﬁndings to the research base. Second, the process of item
testing and reﬁnement has left the instrument with only three selfefﬁcacy items. While this clearly helps meet the goal of a compact instrument, and with only three items that instrument continued to
perform well psychometrically, it does fall short of the general heuristic
of ﬁve items per construct for this type of instrument (Yong and Pearce,
2013). Finally, the high correlation coefﬁcient between the two scales
motivates us and other researchers to continue exploring the relationship
between expectancy-value theory and its measurement. Based on our
ﬁndings, we recommend treating it as a two-dimension construct, but
further research should be conducted to explore the utility of treating it
as a one-dimensional construct.
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