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ABSTRACT

Modeling Elementary Students’ Computer Science Outcomes with In-School and

Out-of-School Factors

by

Umar Shehzad, Doctor of Philosophy

Utah State University, 2023

Major Professor: Mimi M. Recker, Ph.D.
Department: Instructional Technology and Learning Sciences

This multiple paper dissertation investigates factors that reside within and outside of

school—specifically, students’ perceptions of classroom instruction and perceived parental

support—that influence Grade 5 students’ attitudes towards learning computer science (CS)

in educational settings.

The first paper examines how students’ (n = 170) perception of parental support influences

their interest and self-efficacy in computer programming. It also investigates how involving

families in CS activities by sending a CS-themed board game home influences students’

interest. Students were surveyed before and after the unit’s implementations and the rela-

tionship in the data is explored using structural equation modeling (SEM). Results show

that perceptions of parental support measured on the pre-survey are significant predictors

of self-efficacy (Std β = 0.37, SE = 0.010, p < .001) and interest in computer programming

(Std = 0.328, SE = 0.134, p < .003) as measured on the post-survey. Secondly, the effect of

parental support (Std β = 0.132, 95 % CI [0.039, 0.399], 99% CI [0.017, 0.542]) on students’

interest is mediated by whether they took the CS board game home.

The second paper focuses on developing reliable measurements of students’ (N=1564) per-

ceptions of mathematics and CS-integrated instructional activities using a kind of practical
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measure called exit tickets. Exit tickets are used by students to provide immediate feedback

on their experiences after instructional activities. Building on prior research on validity ar-

guments for practical measures, this paper uses structural equation modeling (SEM) to

examine whether students’ reported perceptions as measured by exit tickets predicted their

affective outcomes in self-efficacy, interest, and CS identity as measured by summative

pre/post-surveys. Results show that perceived enjoyment significantly predicts post-survey

measurements of self-efficacy (Std = 0.34, SE = 0.14, p = .001), interest (Std β = 1.98, SE

= 1.53, p = .05), and CS identity (Std β = 0.41, SE = 0.15, p < .001). Perceived ease also

significantly predicts post-survey measurement of self-efficacy (Std β = 0.26, SE = 0.16,

p = .013) while controlling for the pre-survey measurement. The remaining correlations

between exit ticket measures and post-survey measures are not significant. The findings

suggest that student exit tickets are effective tools to gauge engagement and correlate with

their affective responses. Specifically, students who report finding the lesson enjoyable and

easy are more likely to express a positive attitude toward CS instructional activities. This

suggests that brief exit ticket surveys could serve as effective indicators of student engage-

ment, potentially replacing longer surveys.

The insights from this dissertation offer insights vital for creating effective instructional

methods, curricula, and family engagement strategies. These strategies can cultivate a

positive attitude toward CS, reshaping young learners’ beliefs and countering computing

stereotypes and thereby supporting broader participation in computing education.

(71 pages)
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PUBLIC ABSTRACT

Modeling Elementary Students’ Computer Science Outcomes with In-School and

Out-of-School Factors

Umar Shehzad

This two-paper dissertation explores factors influencing the attitudes of Grade 5 stu-

dents who are learning computer science (CS) in schools. It statistically examines the effects

of out and in-school factors on students’ attitudes toward computing. The first paper of

this dissertation examines the influence of parental support as perceived by the students

on their interest and their self-assessed ability to engage in computer programming, thus

underscoring the crucial role of parental support on learners’ attitudes. It also investigates

how involving families in CS activities by sending a CS-themed board game influences stu-

dents’ interest. The study finds that perceptions of parental support positively influence

students’ interest and their self-assessed ability to engage in computer programming. It

also finds that sending CS artifacts home can significantly mediate the influence of parental

support on students’ interest in programming. The second paper focuses on developing

reliable measurements of students’ perceptions of mathematics and CS-integrated instruc-

tional activities. These measures are called exit tickets and are used to collect immediate

student responses relating to their experiences after instructional activities. Building on

prior research, this paper statistically examines whether students’ exit ticket responses pre-

dict self-assessed ability, interest, and identification with CS. Results show that perceived

enjoyment reported on exit tickets significantly predicts self-assessed ability, interest, and

identification with CS. Perceived ease also significantly predicts self-assessed ability. The

remaining correlations between exit ticket measures and post-survey measures are not signif-

icant. The findings suggest that student exit tickets are effective tools to gauge engagement

and correlate with student attitudes toward computing. Specifically, students who report
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finding the lesson enjoyable and easy are more likely to express a positive attitude toward

programming. This suggests that brief exit ticket surveys could serve as effective indicators

of student engagement, potentially replacing longer surveys. Identifying the factors that

shape students’ attitudes toward CS provides valuable insights into the design of instruc-

tional methods, curricula, and family engagement strategies. Such initiatives can foster a

positive attitude among young learners towards CS, significantly contributing to shaping

their beliefs and challenging stereotypes associated with computing.
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CHAPTER 1

INTRODUCTION TO MULTIPLE PAPER DISSERTATION

This multiple paper dissertation explores factors influencing the attitudes of Grade

5 students towards learning computer science (CS) within formal educational settings of

schools. With the continuous growth of the digital age, the demand for CS skills is also

increasing, highlighting the significance of this research. Given the scarcity of attention

paid to elementary level CS education in existing research, this investigation seeks to fill

a crucial void. By concentrating on this key stage of a child’s education, this study’s

objective is to guide educational strategies that might enhance student learning in CS.

The insights derived from identifying factors that shape students’ attitudes towards CS

will be instrumental in informing the design of instructional methods, curricula, and family

engagement strategies. Such initiatives can foster a positive attitude among young learners

towards CS, contributing significantly to shaping their beliefs and challenging stereotypes

associated with computing, which often take root early in childhood.

The factors influencing students’ attitudes towards computing can be divided into

two broad categories: out-of-school and in-school factors. Out-of-school factors are those

predictors residing outside the school environment that affect students’ attitudes towards

computing. In first paper of this multiple paper dissertation, I focus on the support that

students receive from their parents in pursuing computer programming. Understanding the

interrelationship of parental support and the different dimensions of students’ attitudes,

such as their self-efficacy and interest in computer programming, can provide insights into

the challenges associated with elementary level computing education.

On the other hand, in-school factors are associated with instructional activities carried

out within a school setting. Students’ perceptions of these instructional activities can signif-

icantly shape their attitudes towards computing as a whole. However, accurately capturing

students’ ”in-the-moment” perceptions of these activities presents a notable challenge, which
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the second paper of this multiple paper dissertation addresses.

Problem Statement

Despite the growing importance of CS skills, research focused on elementary level CS

education is limited. This gap in research limits our understanding of factors influencing

student outcomes at this crucial educational stage, especially the effects of factors like

instructional practices and family support. Such factors have a significant impact on shaping

student engagement and performance, especially during these formative years of formal

education.

Unaddressed, this knowledge gap can adversely affect the elementary CS education

which can cultivate foundational CS skills and interests. This can result in lower levels of

CS literacy and engagement among students as they progress to higher education levels,

and ultimately impact the readiness of future professionals for an increasingly digital world.

Thus, there is an urgent need to analyze these factors that can provide valuable insights for

improving CS education.

This multiple paper dissertation seeks to address two primary challenges associated

with understanding the effects of in-school factors (students’ perceptions related to instruc-

tion) and out-of-school factors (students’ perceived parental support) on students’ attitudes

towards computing. Firstly, it aims to comprehend the mechanisms through which different

dimensions of students’ attitudes towards computing are related to each other. Secondly, it

seeks to identify predictors of constructs associated with students’ attitudes towards com-

puting, allowing educators to adapt instructional strategies resulting in improved student

attitudes towards programming.

Goals and Objectives

The focus of this research is to investigate factors determining students’ attitudes to-

wards computer programming. Key to this investigation are the constructs of self-efficacy,
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CS identity, and interest, used to represent attitudes towards computing. The first paper

of this dissertation delves into the influence of perceived parental support on students’ in-

terest in and self-efficacy for computer programming, highlighting the vital role of external

influences on learners’ attitudes. It further examines if involving families in CS learning

mediates the effect of parental support on students’ interest in programming.

The second paper of this dissertation addresses the challenge of reliably measuring

students’ perceptions related to instructional activities. Building on previous work done on

the validity of practical measures (Bryk et al., 2015; Kosovich et al., 2015; Penuel et al.,

2018), it also examines the effect of students’ perceptions of the instructional activities on

their attitudes towards computing.

Significance of Study

The significance of this research lies in its potential to reshape our understanding of

computer science (CS) education at the elementary level, a domain that has historically been

under-researched (Shehzad, Recker, et al., 2023). As we move further into the digital age,

the demand for CS skills continues to escalate. This increasing demand places a spotlight

on the importance of cultivating a robust foundation of CS skills and interests from an early

age.

In particular, there is a notable lack of understanding surrounding the role of many

factors that shape students’ attitudes towards computing. This study is significant in that it

seeks to address these knowledge gaps, exploring the impact of both instructional practices

and family support on students’ attitudes towards CS. This will allow educators to adapt

their instructional strategies accordingly, ultimately leading to improved student attitudes

towards programming.

Moreover, the findings from this research could inform the development of early inter-

ventions aimed at diminishing common stereotypes and misconceptions about CS. Given

that beliefs and stereotypes around learning form early during childhood, these interven-

tions could be pivotal in fostering a positive attitude towards CS among young learners,
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laying the groundwork for a more comprehensive and effective CS learning trajectory in

later years.

Definition of Terms

• Mother’s support: A student’s perception of the support that they get from their

mother in learning computer science.

• Father’s support: A student’s perception of the support that they get from their father

in learning computer science.

• Parental support: A combined effect of mother’s support and father’s support. A stu-

dent’s perception of the support that they get from their parents in learning computer

science.

• Self-efficacy: Self-efficacy is an individual’s belief in their ability to perform a task,

playing a critical role in human agency (Bandura, 1977).

• Programming interest: According to model of interest development of Hidi and Ren-

ninger (2006), interest evolves through four sequential and distinct stages. However,

the differentiation of these stages in practice has proven challenging due to the lack of

precise measurements (Clarke-Midura et al., 2020; Renninger & Hidi, 2011). There-

fore, Clarke-Midura et al. (2019) adapted measures widely used in the motivation

literature to measure students’ interest in and enjoyment of computer programming,

which is what we used in this study.

• CS Identity: Survey items pose questions to ascertain the extent to which students

identify with computer science.

• Practical measures: Focus on actionable aspects of learning and teaching practices.

They constitute indicators derived from everyday classroom activities and are closely

tied to instruction and learning processes. Such measures can range from informal

teacher observations to brief student surveys and quizzes (Penuel et al., 2018).



5

• Exit tickets: Are brief surveys administered at the end of each instructional unit

(Morozov et al., 2014). They serve to inform educators’ instructional practices (Penuel

et al., 2018) and can be repeated to guide recurring practices. They may also be used

to predict significant outcomes (Yeager et al., 2013).

• Outcome measures: Examine end results, offering a summative perspective. These

measures track changes over time, offering a longitudinal understanding of cognitive,

affective, or behavioral constructs related to computing education.

• Enjoyment: Is a feeling that underlies the value that students find in a task. The

present research assessed enjoyment by asking students to rate their agreement with

the statement: “I enjoyed programming in today’s class.”

• Perceived ease: Is an individual’s perception of easiness or difficulty of a task. Thus,

perceived difficulty represents the same construct but its effect is the opposite of

perceived ease.

• Creating connections between computer science and math: Students’ perceptions of

the connections between these two subject areas.

• Working theory: Is a visual representation of the hypothesized relationships between

cognitive, behavioral, or affective constructs. In this research, a working theory rep-

resented the relationships between predictors and their outcomes.

• Structural Equation Modeling (SEM): Offers an approach of statistical analysis that

allows for simultaneous estimation of multiple, interrelated relationships (Kline, 2016).

Furthermore, SEM allows for the analysis of latent variables and measurement error,

permitting a more precise and nuanced understanding of underlying constructs and

relationships within the data. In addition, SEM supports the testing of complex,

interrelated relationships between multiple variables simultaneously, hence providing

a comprehensive view of the data landscape.
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• Factor loadings: In the SEM framework, factor loadings are essentially the strengths

of the relationships between observed variables (like survey items or test scores) and

the underlying latent variables (also known as factors) they are thought to measure.

Latent variables are things you can’t directly measure, like self-efficacy, whereas the

observed variables are items related to self-efficacy that are directly measured.

• Model fit: Refers to how well a statistical model represents the collected data. Es-

sentially, it evaluates how close the predicted or theoretical model is to the observed

data.

Summary

In essence, this multiple paper dissertation investigates the key factors influencing

CS learning outcomes for Grade 5 students. Recognizing the escalating demand for CS

skills and the dearth of research at the elementary level, it focuses in on constructs like

self-efficacy, CS identity, and interest. By examining their interrelationships and potential

predictors, this dissertation places equal importance on both in-school and out-of-school

factors, understanding that the confluence of these elements shapes student engagement

and performance.

Dissertation Outline

This dissertation follows a three-chapter format. The first chapter serves as the intro-

duction. The second chapter is the first paper and examines the effects of the out-of-school

factor of parental support on students’ attitudes towards computing. The third chapter

is the second paper and examines validity of practical measures. Together, these papers

aim to enhance the understanding of the factors that predict students’ attitudes towards

computer programming, providing actionable insights for educators.



CHAPTER 2

Examining the Role of Parental Support on Youth’s Interest in and Self-Efficacy of

Computer Programming

Abstract

Objectives. The increasing demand for computing skills has led to a rapid rise in the devel-

opment of new computer science (CS) curricula, many with the goal of equitably broadening

participation of underrepresented students in CS. While such initiatives are vital, factors

outside of the school environment also play a role in influencing students’ interests. In this

paper, we examined the effects of students’ perceived parental support on their interest in

computer programming and explored the mechanisms through which this effect may have

been established as students participated in an introductory CS instructional unit.

Participants. This instructional unit was implemented with upper primary (grade 5)

school students and was designed to broaden trajectories for participation in CS. The par-

ticipants in the current study (N=170) came from six classrooms in two rural schools in the

western United States.

Study Method. The seven-week instructional unit began with students playing a com-

mercial CS tabletop board game that highlighted fundamental programming concepts, and

transitioned to having students create their own board game levels in the block-based pro-

gramming language, Scratch. Further, because the board game could be taken home, the

instructional unit offered opportunities to involve the family in school-based CS activities.

To investigate the effect of students’ perception of parental (specifically father and mother)

support on their interest in and self-efficacy to pursue CS, we surveyed students before and

after the unit’s implementations and explored the structural relationship of the data using

structural equation modeling (SEM).

Results. We present three findings. First, the combined effect of students’ perceived

mother’s and father’s support measured prior to the implementation (pre-survey) predicted
7
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students’ self-efficacy (Std B = 0.37, SE = 0.010, p < .001) and interest in computer

programming (Std B = 0.328, SE = 0.134, p < .003) measured after the implementation

(post-survey). Secondly, the combined effect of perceived mother and father support (Std

B = 0.132, 95% CI [0.039, 0.399], 99% CI [0.017, 0.542]) on students’ interest was mediated

by whether or not they took the CS board game home.

Conclusions. Our findings indicate that perceived parental support has the potential to

play an important role in students’ self-efficacy and interest in computer programming and

that providing opportunities for students to bring CS artifacts home has the potential to

further affect students’ interest in computer programming.
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Introduction

Research has shown that when parents value something their children tend to value

it too (Wang & Eccles, 2012). Accordingly, research has explored the role that parental

support plays (Ma et al., 2016) in influencing students’ interest, belief in their own abilities

to perform a task (i.e., self-efficacy), and subsequent career choices (Jodl et al., 2001; Palmer

& Cochran, 1988; Paloş & Drobot, 2010; Turner & Lapan, 2002). While the existing

research in this area helps establish a correlation between students’ perceived parental

support, self-efficacy, and interest, there is a need for research that explores how perceived

parental support is related to youths’ self-efficacy and interest in computer programming.

A more comprehensive understanding of the interdependencies between these concepts has

the potential to inform the design of CS interventions intended to broaden the participation

of underrepresented and underserved group in CS.

In this paper, we use the lens provided by the Socio Cognitive Career Theory (SCCT) to

explore students’ affect prior to and after participating in an instructional unit for introduc-

tory CS. Specifically, this paper explores relationships between the constructs of self-efficacy,

interest, and social influences in the form of parental support. The unit was designed to

provide introductory CS instruction in an unplugged fashion to remove barriers associated

with traditional computational media (Lee et al., 2020). We hoped that this would enable

new participants to gain entry and thus broaden participation of upper primary school stu-

dents (ages 10-11) at two rural primary schools in the western United States. Underlying

the design of the unit was the conjecture that playing board games has the potential to

support learning and reasoning (Berland & Lee, 2011), including developing foundational

knowledge for programming. The instructional sequence started with students playing an

unplugged computer science-themed tabletop board game called //CODE: On the Brink,

which included fundamental programming concepts in its game mechanics (Poole et al.,

2021). The board game featured levels, or challenges, where players navigated an agent

(a robot token) along a grid-based path from the ’Start’ to the ’Finish’ by programming

its movements. After playing the game, students designed their own board game levels
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using the block-based programming language, Scratch. The instructional unit consisted of

seven weekly lessons that spanned the classroom and school library and consisted of both

unplugged (board game play) and plugged activities (programming in Scratch (Poole et al.,

2021). An important component in the design of the unit was that students were able to

sign out a copy of the board game to take home as they would a book in the school library.

In the following sections, we first review key socio-cognitive constructs that are thought

to play important roles in attracting and retaining upper primary students in CS instruc-

tion (self-efficacy, interest, and parental support). We present our research design, results,

followed by our discussion and implications for future research.

Self-efficacy in CS Education

Self-efficacy is an individual’s belief in their ability to perform a task and plays a critical

role in human agency (Bandura, 1977). In particular, self-efficacy is a major determinant

of whether an individual chooses to engage in or avoid an activity, how much effort that

person invests in the activity, and how long they persist in the face of difficulties (Bandura,

1986). Self-efficacy has been shown to predict student achievement (Usher & Pajares, 2008)

as well as career interest (Lent et al., 1994).

In studies involving primary and secondary students, researchers have examined the

relationship between self-efficacy in computer programming and career orientation. Studies

have found that higher self-efficacy correlated with intentions to pursue programming in

the future. Conversely, low self-efficacy played a role in students’ decisions not to pursue

programming. For example, in one study, students’ initial self-efficacy in computing affected

their career identification after participating in a summer camp on programming (Aritajati

et al., 2015). In another study of a summer programming camp, girls who saw themselves

as computer scientists and were more confident in their computing abilities were also more

open to a computing career (Friend, 2015). In a study in Spain (Sáinz & Eccles, 2012), the

self-concept of ability, which is a construct that closely relates to self-efficacy, was found to

be positively associated with the intention to pursue a career in CS. Similarly, in another

study with secondary-aged girls participating in a summer camp, confidence in CS and AI



11

was found to be correlated with their interest in pursuing a career in AI (Vachovsky et al.,

2016). In a formal learning context, Aivaloglou & Hermans (Aivaloglou & Hermans, 2019)

found self-efficacy to be correlated to career orientation only for female students. In another

study conducted in a school that focused on English language learners (Elizabeth Casey et

al., 2018), students increased in their self-efficacy to program as well as their perception

about the value of STEM careers.

Numerous studies have focused on the relationship between students’ self-efficacy and

career pathways, and their influences on broadening participation in CS in higher education

(Alshahrani et al., 2018; Beyer, 2014; Blaney & Stout, 2017; Dempsey et al., 2015; Denner

et al., 2014; Gorson & O’Rourke, 2020; Lehman, 2016; Lishinski & Rosenberg, 2021; Rosson

et al., 2011; Singh et al., 2007; Steinhorst et al., 2020). In a study where students were

interviewed about their reasons for choosing to study CS (Alshahrani et al., 2018), students

identified self-efficacy (i.e., the ability to do well) as one of the reasons for choosing a CS

major. Another study found that students’ self-efficacy at the start of a CS1 course predicted

their interest at the end of the course (Lishinski & Rosenberg, 2020). Self-efficacy has also

been found to be highly correlated with intention to pursue the study of CS (Dempsey et al.,

2015) and having an orientation towards a CS career (Rosson et al., 2011) in undergraduate

students.

Self-efficacy has also been linked to issues of inequitable participation in CS according

to a subset of this literature. One study reported that women in college who did not take

a computer-related course reported low computer self-efficacy as a reason (Beyer, 2014).

For first-generation women in university, self-efficacy in computing after an introductory

computing course strongly predicted their sense of belonging in the field (Blaney & Stout,

2017). Another study identified the differences in self-efficacy as the main reason for the

disparity in participation among different groups (Lishinski & Rosenberg, 2021). Hence, the

disparity in the initial levels of self-efficacy is an important factor contributing to inequitable

participation in CS (Singh et al., 2007).

As discussed, a large portion of the research on the relationship between CS education
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and self-efficacy focuses on higher education (Clarke-Midura et al., 2020), in particular in

entry-level CS courses. Much of the research on self-efficacy in primary and secondary aged-

students has occurred in informal learning contexts which are flexible, in that they allow

learners to engage at their own pace and time frame. In contrast, formal education follows

a more predetermined structure (Sawyer, 2006) allowing students fewer opportunities to

pursue their interests and shape their learning experiences. As such, there remains a need

to explore the determinants of self-efficacy in formal CS education contexts at the primary

level. Despite the gap, the existing literature guided our understanding of the association

between self-efficacy in CS and intention to pursue a career in CS. Thus, in this study, we

use the construct of self-efficacy which relates to students’ perceived ability to do well in

their CS learning and future career trajectory.

Interest in CS Education

Self-efficacy also plays a critical role in interest development and is a pre-cursor to

interest in that people will develop interest in an activity in which they feel efficacious

(Lent et al., 1994). In their model of interest development, Hidi and Renninger (Hidi &

Renninger, 2006) propose that interest progresses in four sequential and distinct stages:

triggered situational interest, maintained situational interest, emerging individual interest,

and well-developed individual interest. Situational interest refers to the psychological state

and affective reaction to an external (e.g., an object or an environmental condition) stimulus

in the moment, while individual interest is an enduring predisposition to seek repetitive

engagement in an activity over time. In addition, situational interest is the precursor to

individual interest, and it takes time for the former to turn into a well-developed individual

interest.

The research on interest and CS education has reported mixed results in that many

intervention studies have not found significant changes in interest (Clarke-Midura et al.,

2020; Sabin et al., 2017; Starrett et al., 2015; Webb & Rosson, 2011). The studies that

did show a change in interest did not explain what factors affected interest in program-

ming other than the ones that are specific to those studies. For example, AlSulaiman &
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Horn (AlSulaiman & Horn, 2015) reported differences in what activities were considered

interesting by boys and girls based on the gendered cultural forms used in the activity. In

contrast, Chen et al. (Chen et al., 2019) reported no improvement in students’ interest

in programming and attributed this to a ceiling effect. These inconsistent results are also

likely due to how interest is measured. Renninger and Hidi (Renninger & Hidi, 2011) state

that when measuring interest, researchers should be clear about how they conceptualize

interest; otherwise, the empirical findings may not be helpful in instructional interventions

designed to generate interest in learners.

Parental Support and CS

Research on self-efficacy suggests it is influenced by support from teachers, peers, and

parents (Lent & Brown, 2008; Wang & Eccles, 2012). In previous research, we found

that parents’ support of their children’s pursuit of CS affected children’s beliefs about

the usefulness of CS, and these beliefs affected to what extent they were interested in CS

(Clarke-Midura et al., 2018). According to Social Cognitive Career Theory (SCCT), a

positive change in one’s social support predicts a positive change in that person’s attitudes

toward a field or a career (Lent et al., 1994). In the context of CS education, parental

support is measured as a student’s perception of the support that their mother and father

show in their learning of CS.

Linking Self-efficacy, Interest, and Parental Support

Exploring the relationship between students’ perceived parental support, self-efficacy,

and interest offers insights into fostering positive attitudes and effective teaching approaches

for computer programming.

As described above, prior research found that self-efficacy is a predictor of one’s interest

in a field or a career (Lent & Brown, 2008; Lent et al., 1994), and self-efficacy in learning

to program is correlated with interest in programming (Leifheit et al., 2019). Parental

support is a form of social support that strongly predicts career interest and aspiration

(Jodl et al., 2001; Palmer & Cochran, 1988; Paloş & Drobot, 2010; Turner & Lapan, 2002),



14

and perceived parental support in CS is correlated to an increase in CS interest (Clarke-

Midura et al., 2018; Denner, 2011). Students’ perceived support is also linked to increases

in self-efficacy (Bandura, 1997). A parent’s interest in their child’s education has also shown

to significantly impact their attitude and in turn their persistence (Simpson, 2003).

Research underscores a positive correlation between parental involvement and students’

achievement motivation and attitudes (Gonzalez-DeHass et al., 2005). Lent et al. (Lent et

al., 1994) suggested that both parental resources and support influence their child’s learning

experiences, subsequently shaping self-efficacy and outcome expectations. However, the

diverse factors associated with a child’s parents can have distinct effects on student affect,

with some exerting a pronounced influence (Fan & Williams, 2010).

In this study, we specifically focus on parental encouragement to pursue programming,

and the expression of confidence in a child’s abilities. Fisher (Fisher & Padmawidjaja,

1999) found that parental encouragement plays a significant role in students’ career decision-

making. Additionally, children’s intrinsic motivation improves when parents are consistently

informed about their progress and are provided guidance on how to support their children

at home (Ames et al., 1995; Fan & Williams, 2010). Such motivation is further heightened

when parents react positively to their children’s academic achievements (Fan & Williams,

2010). Furthermore, when parents project confidence in their children’s potential, it paves

the way for a smoother and less stressful transition to college life (Cutrona et al., 1994).

Lent and Brown (Lent & Brown, 1996) suggest that individuals are more likely to translate

their career interests into actionable goals when they experience supportive environments,

such as receiving encouraging feedback at home.

However, many of these studies at the primary school level have been done outside the

formal CS education context, leaving the relationship between the constructs of students’

perceived parental support, students’ interest in computer programming, and self-efficacy in

computer programming an understudied area. For example, a previous study in an informal

learning context (Clarke-Midura et al., 2018), analyzed the effect of parental support on

students’ interest in and perceived value of CS, but the analysis did not include self-efficacy
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measures in the model. In a different study (Clarke-Midura et al., 2019), the changes

in students’ interest, self-efficacy, and perceived parental support were reported but the

relationships between the three constructs were not explored.

Bresnihan et al. (2021) found that parents who engage in creative programming tasks

with their children gain computing confidence, develop a positive attitude towards com-

puting, and show increased involvement in their children’s CS learning. On the other

hand, understanding the impact that parental support can have on students’ affect towards

computer programming has implications for the design of CS curricula. Specifically, it

underlines the importance of including elements aimed at influencing students’ perceived

parental support into instructional designs. For example, Harackiewicz et al. (Harackiewicz

et al., 2012) sent home educational brochures about the science and mathematics activities

carried out in a 15-month-long unit. Children whose parents were sent the brochures were

more likely to subsequently take advanced STEM courses. In the context of CS education,

two studies describe students taking projects home so that they could show them to their

parents (Clarke-Midura et al., 2019; Sabin et al., 2017) to encourage conversations about

CS and careers in CS between students and their parents.

Student interview data in one of the studies revealed that some students were praised by

their parents for their skills in CS, some engaged with their parents in conversations about

CS skills and careers, and some reported spending quality time together while playing with

programming projects (Clarke-Midura et al., 2019). The other study (Sabin et al., 2017)

also reported positive effects of sending students’ final projects home. Others have tested the

effect of parental involvement on academic achievement (Gonida & Cortina, 2014; Johnson

& Hull, 2014; Moroni et al., 2015) and on student absenteeism and drop-outs (Bajar &

Bajar, 2019; Robinson et al., 2018).

The above findings show how students’ perceived parental support can influence their

self-efficacy and interest in programming. However, to our knowledge, none of these studies

looked at the interdependence between self-efficacy, interest, and parent support. Further-

more, a recent literature review (Shehzad, Recker, et al., 2023) found no conclusive findings
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Figure 2.1

Model 1 examines whether higher parental support (pre-survey) is associated with a higher

self-efficacy and interest (post-survey). Model 2 examines whether interest is mediated by

the action of taking the board game home.

on what instructional design features were effective in improving self-efficacy and interest

in programming.

Research Questions, Aims, and Objectives

To investigate mechanisms through which students’ interest in programming, self-

efficacy, and parental support are related, we address the following two research questions:

1. Does students’ perceived mother and father support predict students’ self-efficacy to

pursue computer programming and their interest in computer programming?

2. Does students’ perceived mother and father support affect students’ interest in com-

puter programming indirectly through their action of taking the board game home?

While the first research question explored the interplay between students’ perceptions

of parental support, their self-efficacy, and their interest, the second question examined

whether a key design feature of the instructional unit (enabling students to take the board

game used in CS activities home) affected students’ interest in computer programming (see

Figure 2.1).

First, we explored whether students’ perceived parental support as self-reported on

a pre-survey predicted students’ self-reported self-efficacy and interest in programming.

Subsequently, we examined whether the effect of parental support (as self-reported in the
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pre-survey) on students’ interest was mediated by the action of taking the CS board game

home and (possibly) talking about it with their parents. Overall, the present study ad-

dressed the importance of out-of-school factors by examining the predictive relationship

between parental support, students’ self-efficacy, and interest in computer programming.

The present study also explored whether involving families by sending a CS artifact (in

this case, a board game) home with students predicted an increase in students’ interest in

programming.

Method

Participants

This study was conducted in a rural region of the Western United States. Fifth grade

students (N=170) in two schools that assented to participate and returned the parental

consent form participated in the research. In total, 96 fifth grade students (46 girls and 50

boys) across three classrooms from one primary school and 74 fifth graders (35 girls and 39

boys) across three classrooms from another primary school participated in the study. 44%

of the students in school 1 and 45% in school 2 qualify for free or reduced-price lunches as

per data provided by the school district.

The instructional unit was taught to all the students in the schools, regardless of

whether they participated in the research. The study was reviewed and approved by the

university’s institutional review board (IRB).

Research Context

The study integrated a commercial paper-based board game in the design of its in-

structional unit. Board games have been identified as computationally rich environments,

capable of instantiating various computational concepts through game play, regardless of

the players’ awareness of their computational nature (Berland & Lee, 2011). Commercial

board games vary in their designs, but can represent computer science (CS) through actions

presented as written code, algorithmic sequences manifested as player moves, and solutions
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derived through the application of conditionals and Boolean logic.

After evaluating multiple options, we developed our instructional unit to use the com-

mercial board game, //Code: On the Brink published by ThinkFun, as the initial entry

point. The game consisted of various levels or puzzles for players to solve. Each level in-

cluded a grid where players must program an agent (represented by a robot token) to move

from a ’Start’ square to a ’Finish’ square. Players created procedures, allowing the robot

token to execute commands and navigate from the starting space, as well as any subsequent

grid spaces, until it eventually reached the ’Finish’ square . To form these procedures,

players used move cards (e.g., ’Move Forward’, ’Turn Right’, ’Do Nothing’) placed on a

control panel (see Figure 2.2). For instance, placing a ’Turn Right’ in the first spot and a

’Move Forward’ in the second spot of the control panel for blue would cause the robot to

turn right and move forward one square each time it landed on a blue space.

The instructional unit was comprised of seven weekly lessons that encompassed both

the classroom and the school library. The reason for this was that the partnering schools

were exploring the possibility of utilizing the school library as a setting for implementing

CS instruction. The design of our unit was an attempt to provide support to both the

classroom teachers and school librarians in delivering CS instruction.

The typical lesson structure involved a classroom component led by the teacher, lasting

up to 20 minutes, after which students proceeded to their scheduled weekly library time for

30 minutes of CS instruction. In the library, the school librarian introduced and assisted

students working in pairs to: play the physical board game; play a Scratch version of the

same game; design their own game level on paper using colored paper pieces and pencils;

and program their level in Scratch for their peers to attempt (see Figure 2.2).

Data Collection

The study was designed as a one-group pre-post survey. The research team collected

survey data at both the outset and completion of the instructional unit. All items were

measured on a Likert scale ranging from 1 to 6, with ”1” denoting ”strongly disagree” and

”6” indicating ”strongly agree.
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Figure 2.2

Instructional unit sequence

Measures and Covariates

The survey items were taken from a validated survey developed in another study

(Clarke-Midura et al., 2019), which had adapted the survey for use in CS education from

established and validated surveys for STEM, e.g., (Carrico & Tendhar, 2012; Fennema

& Sherman, 1976; Vekiri & Chronaki, 2008). Based on our model described above, four

constructs were included: 1) mother support (MS) and 2) father support (FS), which mea-

sured students’ perception of the encouragement, confidence, and importance shown by

their mothers and fathers in the students’ ability to program; 3) self-efficacy (SE) or stu-

dents’ belief in their ability to learn to program and become a proficient coder; 4) interest

in programming (IP), which measured students’ interest in computer programming (see

Table 2.1). We also identified students who voluntarily took the board games home and re-

ported it on the post-survey. Coded as a binary yes/no item, the TakeHome variable served

to measure whether taking the board game home acted as a mediator between students’

perceived parental support and their interest.

Building on the premise that self-efficacy is an important factor in students’ interest

in programming, the SE items in our survey were framed as inquiries about how students

saw themselves in relation to computer programming (see Table 2.1). For the variable of

interest, Hidi and Renninger’s four-stage model of interest (Hidi & Renninger, 2006) was

adapted in the study that developed the survey (Clarke-Midura et al., 2019). In discussing

the different types of interest (e.g., situational interest vs. individual interest; see (Clarke-

Midura et al., 2020)), (Clarke-Midura et al., 2019) underlined the difficulty in differentiating

these different types in practice as no precise measurements have been developed (Renninger
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& Hidi, 2011). Therefore, they adapted measures widely used in the motivation literature

to measure students’ interest in and enjoyment of computer programming (Clarke-Midura

et al., 2019). While we agree that interest takes time to develop (Hidi & Renninger, 2006)

and that a seven-week instructional unit may not be able to change students’ individual

interest, we hoped that by increasing their self-efficacy in programming we would trigger

their interest, and thus students would develop further interest in programming that would

grow over time.

As described earlier, the present study included multiple survey items for measuring

students’ perceived mother’s support and father’s support (see Table 2.1). We also gave

students the option to take the CS-themed tabletop board game home with them. The

idea was that students would show the board game to and perhaps play with their parents,

leading to conversations about CS and programming skills and careers. Students were thus

asked on the post-survey if they took the board game home.

Psychometrics

In the present study, we used a survey instrument developed and validated by (Clarke-

Midura et al., 2019). We performed two separate explanatory factor analyses (EFA) (Lawley

& Maxwell, 1971) with varimax rotation (Kaiser, 1958) to explore the underlying structures

of the measured constructs. For each EFA, Parallel analyses (Humphreys & Montanelli Jr,

1975) were performed to calculate the optimum number of factors that represented the

underlying constructs. Note that these exploratory factor analyses are performed to en-

sure validity of separate constructs and do not make inferences about relationships between

parental support, self-efficacy, and interest. Thus, a confirmatory factor analyses was sub-

sequently performed that examined the relationships between these constructs, which is

presented in the results section.

EFA 1: Parental Support

We performed an EFA that included mother’s support and father’s support variables.

The EFA revealed that survey items underlying the two constructs loaded strongly onto
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Table 2.1

Survey items, their labels and constructs

Construct Question Label

Interest in Programming Computer programming sounds fun. IP fun
I think computer programming is interest-
ing.

IP interest

I think computer programming is boring. IP bore
Mother’s Support My mother has encouraged me to learn

computer programming.
MS Encourage

My mother thinks I could be a good com-
puter programmer.

MS Confidence

My mother thinks I’ll need to learn com-
puter programming for the future.

MS Need

My mother has shown no interest in
whether I learn computer programming.

MS Interest

Father’s Support My father has encouraged me to learn
computer programming.

FS Encourage

My father thinks I could be a good com-
puter programmer.

FS Confidence

My father thinks I’ll need to learn com-
puter programming for the future.

FS Need

My father has shown no interest in
whether I learn computer programming.

FS Interest

Self-Efficacy If I took a class on computer program-
ming, I could do well.

SE Future

If I wanted to, I could be a computer pro-
grammer in the future.

SE Career

I think I could do more challenging com-
puter programming.

SE Challenge

I can learn to do computer programming. SE Learn
I am a good computer programmer. SE Now
I am confident in my ability to program SE Confidence
I can program computers well. SE Ability
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Table 2.2

Descriptive statistics of survey items at two time points. All items were measured on a Likert

scale, ranging from 1-6 with “1” denoting “strongly disagree” and “6” denoting “strongly

agree.”

Pre-survey Post-survey

N Mean SD N Mean SD

IP Fun 156 4.70 1.58 164 4.30 1.71
IP Interest 156 4.40 1.71 164 4.15 1.85
IP Bore 156 4.70 1.57 164 4.40 1.66
MS Encourage 151 3.15 1.69 164 2.60 1.55
MS Confidence 151 3.88 1.65 164 3.44 1.68
MS Need 151 3.22 1.68 164 2.93 1.73
FS Encourage 151 3.23 1.63 164 2.94 1.62
FS Confidence 151 2.95 1.67 164 2.72 1.71
FS Need 152 3.70 1.65 163 3.29 1.70
SE Future 156 4.45 1.38 164 4.21 1.36
SE Career 154 4.12 1.59 164 4.02 1.68
SE Challenge 156 3.71 1.68 164 3.66 1.77
SE Learn 156 4.66 1.44 164 4.41 1.68
SE Ability 156 3.95 1.62 164 3.85 1.60
SE Confidence 156 4.19 1.57 164 3.93 1.68
SE Now 156 3.53 1.56 164 3.57 1.67

one factor see Table 2.3. As can be seen, items related to mother’s and father’s interest

did not load strongly onto factor 1, whereas other items did, thus the mother’s and father’s

interest items were dropped from the analyses. Since all mother’s and father’s support

items loaded strongly onto factor 1, they were combined into one construct of parental

support. The Cronbach’s alpha value for the parental support construct was calculated to

be 0.89, an improvement over the Cronbach’s alpha of 0.76 reported by (Clarke-Midura

et al., 2019) for either mother’s support and father’s support, suggesting strong construct

validity. However, combining the mother’s support and father’s support variables into a

single construct removed our ability to examine the independent effects of mother’s support

and father’s support on students’ interest (Bahar & Adiguzel, 2016; Clarke-Midura et al.,

2018; Otto, 2000) within the structural equation modeling (SEM) framework.
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Table 2.3

EFA performed on mother’s and father’s support survey items

Factor1 Factor2

FS need pre 0.75
MS Need pre 0.71

FS Encourage pre 0.79
MS Encourage pre 0.80
FS Confidence pre 0.74
MS Confidence pre 0.70

FS Interest pre 0.76
MS Interest pre 0.88

Note: Factor values smaller than 0.4
are not shown in the table.

EFA 2: Self-efficacy and interest

We also performed an EFA on items of self-efficacy and interest (see Table 2.4). As

the items for the two constructs loaded onto two separate factors, interest and self-efficacy

were treated as separate latent constructs in subsequent analyses. The Cronbach’s alpha

values for self-efficacy (0.92) and interest (0.87) showed strong reliability.

A total of 17 survey items were used in the final analyses, including the single item

that asked students if they took the board game home with them.

Table 2.4

EFA performed on Self-efficacy and Interest items

Factor1 Factor2

SE Future pre 0.60
SE Career pre 0.54 0.51

SE Challenge pre 0.77
SE Learn pre 0.47 0.56

SE Ability pre 0.85
SE Confidence pre 0.66 0.44

SE Now pre 0.82
IP interest pre 0.78

IP fun pre 0.40 0.80
IP bore pre 0.75

Note: Factor values smaller than 0.4
are not shown in the table.
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Data Diagnostics

Data collected from the surveys were modeled using structural equation modeling.

Statistical models were built in R (Team, 2023) using the sem( ) function in the Lavaan

package (Rosseel, 2012). Since all of the variables in the model are measured on a Likert

scale, frequency distributions were created to check normality assumptions (Rhemtulla et

al., 2012). In cases where assumptions were violated, they were treated as ordered pairs. To

address the asymptotic non-normality of the relatively small dataset, robust maximum like-

lihood (MLR) estimates were used for the model that used continuous items, and weighted

least squares estimators with mean and variance adjustment (WLSMV) were used for the

mediator model as it used the dichotomous TakeHome variable.

Analytic Strategy

We used confirmatory structural equation modeling (SEM), which allowed us to test

a set of directional relationships between multiple variables (Ullman & Bentler, 2012) and

thus, an appropriate method for addressing our research questions.

Examining the effect of parental support on self-efficacy and programming in-

terest

The first research question examined the effect of students’ perceived parental support

on students’ self-efficacy and interest in computer programming. We posit that students’

perception of parental support can predict the change in self-efficacy as well as their interest

in computer programming. In a confirmatory factor analysis (see 2.3), we tested whether the

perceived mother’s support and perceived father’s support combined (PS1) as measured on

the pre-survey had an effect on the students’ self-efficacy (SE2) as well as students’ interest

(I2) on the post-survey while controlling for pre-survey measures (SE1 and I1).

Note that mother’s support and father’s support variables were combined in the SEM

approach to avoid the problem of multicollinearity.



25

Figure 2.3

Perceived parental support (PS1) on pre-survey significantly predicted self-efficacy (SE2)

and interest (I2) on post-survey while controlling for self-efficacy and interest on pre-

survey (where ** p< .01; *** p<.001) (SE=Self-Efficacy ; I=interest in Programming;

PS=Parental support)
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Figure 2.4

Perceived parent’s support (PS1) on the pre-survey significantly predicted student’s interest

(I2) on post-survey. This effect was mediated by students’ action of taking the board game

home.

Single mediation models to test the effects of taking the board game home

For the second research question, we tested the mediation effect (MacKinnon et al.,

2007) of taking the board game home (see Figure 2.4) between students’ perceived parental

support in the pre-survey (PS1) and students’ interest in programming (post-survey) (I2)

controlling for pre-survey (I1). The outcome of this model provides insights for creating

instructional designs that can affect students’ interest in computer programming.

The mediator variable (TakeHome) was treated as dichotomous in the models. Further-

more, estimates of indirect effects were calculated via bootstrapping method (Hayes, 2009)

for 5000 samples with replacement for the calculation of 95% and 99% confidence intervals

in R. Just like in the previous model, mother’s support and father’s support variables were

combined in the SEM approach.

Results
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Statistics and Data Analysis

Nine students from the first school and seven students from the second school had

missing data for the pre and post surveys (see Table 2.2) characterized as missing at random

(MAR) (RUBIN, 1976). Full Information Maximum Likelihood (FIML) strategy was used

to address missing patterns (Enders, 2001; Henk & Castro-Schilo, 2016) .

Since structural equation modeling assumes asymptotic normality, the distribution of

the items was plotted and skewness and kurtosis measures were calculated. All of the

skewness values fell between -3 and +3 and all of the kurtosis values fell between the values

of -10 and +10, considered acceptable for structural equation modeling (Brown, 2015).

The chi-square test, Tucker-Lewis index (TLI) (Bentler & Bonett, 1980), root mean

square error of approximation (RMSEA) (Browne & Cudeck, 1992; Steiger & Lind, 1980),

and comparative fit index (CFI) (Bentler, 1990), were calculated as model fit measures.

For the first model in Figure 2.3 (PS1 → SE2 & PS1 → I2), the model fit statistics were

calculated as: χ2 (289, N = 170) = 537.7, p < .001; CFI = 0.935; TLI = 0.927; RMSEA

= 0.062, SRMR = 0.058). For the mediation model in Figure 2.4 (PS1 → TakeHome →

I2), the model fit statistics were calculated as: χ2 (66, N = 170) = 85.84, p = .051; CFI

= 0.914; TLI = 0.90; RMSEA = 0.042, SRMR = 0.055). Although TLI and CFI values of

0.95 or higher are generally considered acceptable, Kline (Kline, 2016) suggests that these

values can be too strict when the model is too complex or uses a small sample size. For

such models, they suggest the threshold values of TLI> 0.90; CFI > 0.90; RMSEA <.08,

SRMR < .08, which both of our models meet.

How parental support influences self-efficacy and interest

The regression results from the first model (PS1 → SE2 → I2; see 2.3) revealed that

the students’ perceived parental support measured at the start of the unit (PS1) predicted

students’ self-efficacy (SE2 controlling for SE1) (B = 0.366, SE = 0.10, p <. 001). This

means that for a one standard deviation increase in the latent variable PS1, the SE2

increased by 0.366 standard deviations while controlling for pre-survey measures of SE1 and

I1. The model also showed that parental support (PS1) also predicted students’ interest
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(I2) (B = 0.328, SE = 0.134, p < .003) while controlling for pre-survey measures of SE1

and I1. Stated differently, for one standard deviation increase in the latent variable PS1,

the I2 increased by 0.394 standard deviations. This means that students’ perceived parental

support predicted a change in students’ self-efficacy and their interest in programming. See

Table 2.5) for factor loadings.

Table 2.5

Factor loadings (standardized) of survey items on their respective latent variables for model

in Figure 2.3

Pre-survey measures Post-survey measures

Construct Indicator Std. B Std. Err Indicator Std. B Std. Err

Interest IP Fun 0.93 0.00 IP Fun 0.87 0.00
IP Interest 0.84 0.07 IP Interest 0.94 0.07
IP Bore 0.73 0.09 IP Bore 0.76 0.08

Self-
efficacy

SE Future 0.71 0.08 SE Future 0.78 0.06

SE Career 0.73 0.07 SE Career 0.80 0.06
SE Challenge 0.81 0.06 SE Challenge 0.82 0.05
SE Learn 0.70 0.08 SE Learn 0.74 0.09
SE Ability 0.87 0.00 SE Ability 0.85 0.00
SE Confidence 0.80 0.09 SE Confidence 0.88 0.06
SE Now 0.85 0.04 SE Now 0.83 0.06

Parental
Support

MS Encourage 0.81 0.08

MS Confidence 0.71 0.10
MS Need 0.74 0.00
FS Encourage 0.79 0.10
FS Confidence 0.73 0.10
FS Need 0.75 0.08

To better visualize this, data is plotted in Figure 2.6 which shows that composite means

for mother’s support and father’s support were both similarly correlated to the composite

means of self-efficacy and interest, as our model suggests.

The effect of taking the board game home

As shown in Figure 2.4, we tested if the effect of students’ perceived parental support

before the unit (PS1) on students’ interest in programming after the unit (I2) was mediated
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Figure 2.5

Higher mother’s and father’s support (MS and FS) scores on pre-survey are correlated with

higher self-efficacy and interest on post-survey

by the action of taking the board game home (TakeHome variable). Using the indirect effects

approach (Hayes, 2009) with the percentile bootstrap method with 5000 iterations, we found

that 95% CI and 99% CI did not include a 0, which indicated a significant indirect effect

through the TakeHome variable (Std B = 0.132, 95% CI [0.039, 0.399], 99% CI [0.017,

0.542]), confirming that perceived mother’s support indirectly affected students’ interest

through the effect of taking the board game home.

Students who reported voluntarily taking the board games home also reported an

increase in interest in computer programming, and this increase was significantly different

from students that did not take the board game home. This suggests that the instructional

design feature of allowing students to take a CS artifact home (here, a board game) is

related to an increase in interest in programming (see Figure 2.6).

The composite means of mother’s and father’s supports are plotted against composite

means of programming interest in Figure 2.4. Based on our mediation analysis (see Table

2.6), we conclude that the combined effect of mother’s support and father’s support on

students’ interest is mediated by students’ action of taking the board game home and
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Table 2.6

Factor loadings of survey items on their respective latent variables for mediation model in

Figure 2.4

Construct Indicator Std. B SE Construct Indicator2 Std B SE

Interest pre IP Fun 0.91 0.00 Parental
Support
pre

MS Encourage 0.78 0.15

IP Interest 0.90 0.10 MS Confidence 0.72 0.14
IP Bore 0.71 0.09 MS Need 0.75 0.00

Interest post IP Fun 0.91 0.00 FS Encourage 0.78 0.17
IP Interest 0.92 0.10 FS Confidence 0.71 0.17
IP Bore 0.75 0.09 FS Need 0.75 0.15

that mother’s support and father’s support variables both have a similar influence on the

mediation.

Discussion and Limitations

Addressing Research Questions

The present study set out to explore the relationship between perceived parental sup-

port, self-efficacy, and interest in computer programming. Our findings suggest that per-

ceived parental support played a role in students’ belief about their ability to program as

well as their interest in programming.

Parental Support, Self-Efficacy, and Interest

Our results show that perceived parental support (PS1) predicted self-efficacy (SE2)

and student interest in programming (I2). The present research builds on our current

understanding by relating the two constructs (perceived parental support and self-efficacy)

to the construct of interest in programming. We also found that perceived parental support

measured in the pre-survey (PS1) influenced interest in programming (I2) mediated by

students’ action of taking the board game home.

The present study is unique in its use of structural equation modeling in a formal
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Figure 2.6

Students who took the board game home have a higher interest on post-survey compared to

their peers who didn’t but had similar mother’s and father’s support (MS and FS) scores on

the pre-survey

K-12 school setting for the examination of affective constructs. Although it is difficult to

relate students’ self-efficacy in programming in primary education directly to the choice of

a computing career later in their lives, the self-efficacy survey items in our study included

questions about the students’ beliefs in their ability to learn to program and become pro-

ficient coders in the future. We hoped that framing self-efficacy items in this way would

help us draw connections between our findings and the existing literature on students’ ori-

entation towards a computing career. In the present study, we discovered that perceived

parental support significantly predicted students’ self-efficacy in computer programming.

Interest can lead to persistence (Lent & Brown, 2008) thus, interest in programming

can be an important indicator of positive orientation towards a computing career. Despite

its importance, there are many examples in the CS education literature where interest was

measured but no significant change in interest was found (Clarke-Midura et al., 2020; Sabin

et al., 2017; Starrett et al., 2015; Webb & Rosson, 2011). Some studies that showed a

change in interest did not adequately explain what factors affected it (AlSulaiman & Horn,

2015; Chen et al., 2019). In the present study, we used interest in programming (I2) as

an outcome variable (see Figures 2.3 and 2.4). In the first of these models, the change in

self-efficacy was highly correlated with interest at both timepoints. This is in line with the
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previous research which suggests that self-efficacy and interest have a reciprocal relationship

(Lent et al., 1994; Nauta et al., 2002). Perceived parental support also predicted interest,

which is similar to one of our previous findings in which we found that parents’ support in

their children’s pursuit of CS affects children’s beliefs about the usefulness of CS, and these

beliefs affect to what extent they are interested in CS (Clarke-Midura et al., 2018). We

found that mother’s support and father’s support have a combined effect that is significant.

We hope that the present study will help fill gaps in the understanding of the relationship

between perceived parental support, self-efficacy, and interest in programming.

Sharing Artifacts from School at Home

Our findings based on the single mediator model (see Figure 2.4) have implications

for how we design classroom instruction for computer science. In particular, it showed the

importance of finding ways to make connections between students’ home and school lives.

There is a dearth of research that explores how sharing computer programming related

materials with parents affect students’ interest in programming. In a previous literature

review (Clarke-Midura et al., 2020), no conclusive findings were found on what instructional

design features are effective in improving self-efficacy and interest in programming.

In the present study, we studied the effects of enabling students to take the board

game used in CS classroom activities home to their parents. The idea behind enabling

students to take the board games home was that students may show board games to their

parents, leading to conversations about computer programming and careers in CS. Such

conversations may in turn influence students’ perception of support from their parents and

or their interest in computer programming. Our results indeed showed that taking the

board game home had a significant mediation effect between perceived parental support

reported in the pre-survey and in students’ interest in programming in the post-survey and

the action of taking the board game home mediated this effect. We hope that this finding

will encourage other research that will further examine ways to make connections between

youth’s school and home lives by sharing computing materials. Such research should explore

methods of influencing parents’ involvement in student learning and its effects on students’
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subsequent interest in and career aspirations toward computing.

LIMITATIONS

The present study has several limitations that should be acknowledged:

1. Lack of qualitative data: Qualitative data, such as interviews or observations, could

have provided richer insights into the experiences of students and their parents, and

helped to contextualize the findings.

2. Unavailability of demographic data: As the schools were located in a mostly white

rural district, the study did not collect information on students’ race or other de-

mographic characteristics, which limits our understanding of how these factors might

influence the relationships among perceived parental support, self-efficacy, and interest

in programming. Student gender data was collected but were not used in the analy-

ses. Future research should consider incorporating demographic variables to explore

potential differences across different populations.

3. Household arrangements: The study used variables for mother’s and father’s support.

This may not reflect the experiences of students from other household types like single

parents, same-gender parents, or other guardians. We chose these variables based on

their strong theoretical foundation. Including more family arrangements would lead

to smaller sample sizes for those categories, potentially affecting statistical validity.

Future research should use a larger, diverse sample to better represent different family

structures and provide a more comprehensive measure of parental support.

4. Self-reported take-home variable: The TakeHome variable, which measured whether

students took the board game home, was self-reported on the post-survey. This mea-

sure did not provide information about the duration for which the board game was

taken home or whether students actually played the game with their parents or en-

gaged in conversations about programming, as intended. The reliance on self-report

data could have introduced biases and limited the accuracy of this measure. It is
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also possible that spending more time with the board game resulted in the increase

in their interest. Future research should consider using other ways to assess students’

engagement with programming-related materials at home and the extent of parental

involvement in these activities.

In addition, there are limitations related to the statistical models used in the study.

The first limitation is related to our parent support model. In the SEM framework, we could

not examine the differences in how perceived mother and father support influence interest

and self-efficacy in the same model owing to a high degree of correlation between the two

variables. While an alternative approach to SEM, such as multiple linear regression (MLR)

analysis, to test significance for mother’s support and father’s support separately could be

used, SEM is considered a more robust and accurate approach for several reasons (Bollen,

1989; Kline, 2016). SEM allows for the simultaneous estimation of multiple relationships

in a single model, providing a more comprehensive understanding of the inter-dependencies

among variables. MLR, conversely, is limited to examining a single dependent variable at

a time (e.g., either self-efficacy or interest), which may lead to a fragmented understanding

of the relationships in the data.

A limitation of the SEM model (see Figure 2.3) is that the self-efficacy (SE1&SE2)

and interest (I1&I2) were measured at the same times (on pre-survey and post-survey

respectively). Thus, the relationship between SE1, I1 and SE2, I2 is reciprocal and not

predictive.

Finally, we note that circumstances where the independent variables cannot be manip-

ulated, are not ideal for a mediation analysis (Vanderweele & Vansteelandt, 2009). This

posed a threat to the validity of the mediation results since students’ perceived mother’s

support and father’s support variables were not manipulated, instead, they were simply

observed. Despite this threat, we think that demonstrating the effect of taking the board

game home can provide useful implications for instructional design practices.
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CONCLUSIONS

The growing demand for computer programming skills brings along with it a critical

need to improve student participation in computer science education. Since the curriculum

is predicated on the idea that a board game based instructional unit avoids the barriers

associated with the conventional screen based media, it may help broaden participation of

underrepresented and under-served students. In the context of this approach, we found

that students’ perceived mother support and students’ perceived father support affected

students’ interest in programming and students’ self-efficacy to program (see Figures 2.3 &

2.4).

The affective constructs explored in this study are grounded in the widely recognized

theory of socio cognitive career theory (SCCT). Studying the predictive effects of parental

support on students’ attitude in programming and examining the mediation effect of sending

CS artifacts home is an important contribution to the field, as it reveals implications about

out-of-school factors that should be considered in the design and implementation of any

primary-level computing unit. These results have implications for research on broadening

participation in CS education as well as in the design of CS instruction. For the former,

studying the influence of out-of-school factors such as parental support can provide ways

to understand and mitigate the effects of inequities that persist in computing education.

Likewise, our findings inform the design of CS instructional activities. Interest-driven CS

learning often fails to take these external factors into account as the instructional design

is mostly aimed at improving in-activity interest. In the present study, we gave students

the option to take a CS artifact home to see if it affected students’ interest. Designers and

researchers should examine other ways of building connections between school and home

activities as means of influencing social supports that impact important constructs such as

interest and self-efficacy.



CHAPTER 3

ADVANCING THE VALIDITY ARGUMENT OF PRACTICAL MEASURES IN

ELEMENTARY COMPUTER SCIENCE

Introduction

The traditional methods used in educational research, which we term outcome mea-

sures, are typically used for measuring student performance for informing accountability

and advancing theoretical constructs (Yeager et al., 2013). Although these measures serve

a crucial function, they were not conceived with the explicit intention of enhancing and

informing instructional practice. This shortcoming of outcome measures has catalyzed the

emergence of what are called practical measures, measures that are intimately linked with

the processes of teaching and learning, and capable of predicting outcomes relating to these

practices (Penuel et al., 2018).

Practical measures diverge from their outcome counterparts primarily in their applica-

bility. While outcome measures are summative, focusing on end results, practical measures

adopt a formative approach, offering immediate feedback that can shape ongoing teaching

and instructional practices. Practical measures hone in on actionable aspects of the learning

and teaching experience. They serve as indicators of the instructional practices and remain

closely linked to routine classroom activities.

Covering a range of methods, from casual teacher observations to concise student sur-

veys and quizzes (Penuel et al., 2018), practical measures offer invaluable insights into the

effectiveness of specific instructional decisions. They shed light on what’s working, what’s

not, and where immediate adjustments are necessary, making them an indispensable tool

for educators striving for continuous refinement. Moreover, they are designed to be quick

and easy to administer, thereby preserving valuable instructional time.

36
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At the heart of practical measures lies their ability to tap into the ”in-the-moment”

context of learning and teaching. They are designed to capture subtle shifts in under-

standing and attitudes that may elude more summative measures, delivering insights into

micro-level changes in the learning process. This immediate and direct linkage to instruc-

tional activities equips educators to discern effective components of their teaching and

those requiring alteration. Ultimately, these measures may facilitate a more contextual-

ized, nuanced comprehension of the learning process, fueling continuous improvement of

instructional practices.

On the flip side, summative measures—valuable for exploring cognitive, affective, and

behavioral constructs—often fail to capture the subtleties of computing education at the

elementary level. This stems from their dependency on recall, a challenging task especially

for younger learners lacking the self-awareness or linguistic ability to accurately articulate

their experiences (Duckworth & Yeager, 2015). Therefore, such measures may fall short

in encapsulating the immediate, fluctuating cognitive and emotional journey (Anderman,

2020) that young students navigate while learning computing concepts and skills (See Table

3.1 for a comparison of the advantages of the two approaches). Moreover, summative

measures remain skewed towards informing research and theory development, rather than

directly influencing pragmatic instructional nuances (Yeager et al., 2013).

Table 3.1

A Comparison of Different Advantages of Practical Measures and Outcome Measures

Practical Measures Advantages Outcome Measures Advantages

Informs practice decisions Assesses change over time
Less time consuming to administer More in-depth examination of learning
Geared toward improvement Parses out influences of overlapping con-

structs
Can be administered frequently Targets long-term change
Experience is measured Users answer by recalling and reflecting

on a collection of experiences

Practical measures can bridge these gaps by connecting with the unique tasks and chal-

lenges embedded within instructional situations. By capturing changes close to the time of
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instruction, they can provide immediate, contextually relevant insights that supplement the

broader perspectives offered by summative outcome measures, which instead track changes

over extended periods and supply a longitudinal understanding of cognitive, affective, and

behavioral constructs.

The objective of this research is to build on the validity argument of practical measures

as articulated by (Penuel et al., 2018), while addressing the challenges associated with their

validation.

Literature Review

Affective Measures Used in Education

The field of education heavily relies on constructs originating from motivational lit-

erature, many of which are geared towards determining an individual’s affect or attitude

towards a particular topic or field. An important application of these constructs lies in their

potential to measure students’ attitudes towards computing.

The motivational literature commonly utilizes a variety of affective measures. Promi-

nent among these are self-efficacy (Bandura, 1977), self-concept of abilities (J. Eccles, 1983),

as well as intrinsic and extrinsic motivation (Ryan & Deci, 2000), and interest (Hidi & Ren-

ninger, 2006), etc. These constructs, while distinct in their origin, often share various

similarities.

Such affective measures have found considerable usage in the computing literature for

measuring students’ attitudes. For instance, self-efficacy has been explored in multiple

studies in computing education context (Aivaloglou & Hermans, 2019; Chen et al., 2019;

Mork et al., 2020; Wei et al., 2021). Other constructs employed include interest (Hébert &

Jenson, 2020; Pierson et al., 2020), self-concept of ability (Hug et al., 2017), subject task

value (Jormanainen & Tukiainen, 2020; Zhong et al., 2017), and expectancies for success.

While their usage is wide, these constructs are not without overlaps and shared properties.

Self-efficacy and self-concept of ability, for example, are significantly similar (Anderman,
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2020; J. S. Eccles & Wigfield, 2020), and both also share commonalities with intrinsic moti-

vation, intrinsic value, and expectancies for success, particularly in how they are measured

(Koenka, 2020). Understanding the similarities and differences between these constructs

in the motivational literature is an important research endeavor in establishing their the-

oretical grounds. However, the multiplicity of constructs and their shared characteristics

can make it challenging for researchers to choose the appropriate measures for their spe-

cific contexts. Moreover, while these differences are meaningful for academic discourse,

they can confuse practitioners and policymakers, contributing to possible misconceptions

(Anderman, 2020). Hence, it becomes necessary to prioritize practicality over precision in

measuring outcomes. Thus, the complexity of distinguishing these constructs in practice

necessitates the prioritization of utility over

Practical Measures

Despite the extensive use of outcome measures in educational research, these ap-

proaches come with limitations. For instance, they often require a large number of items to

discern non-shared variances among constructs, making them time-consuming to adminis-

ter and potentially reducing instructional time. Additionally, these measures often rely on

respondents recalling their emotional states in specific past or future situations, leading to

inaccuracies as learners frequently perceive their beliefs as consistent over time and struggle

to evaluate their changes in beliefs ((Bowman, 2010; Duckworth & Yeager, 2015). This can

undermine the ability of these measures to capture the cumulative and recursive changes

in learners’ cognitive and behavioral states (See Figure 3.1) that naturally occur over the

course of learning (J. S. Eccles & Wigfield, 2020; Graham, 2020).

In response to these limitations and the increasing need for informing day-to-day class-

room practices in computing education research, the focus is shifting towards the use of

practical measures. These measures are tailored to assist practitioners in prioritizing their

efforts and are typically less time-and-effort-intensive to administer, allowing for more fre-

quent data collection (Bryk et al., 2015; Yeager et al., 2013).

However, practical measures present their own challenges. Given their primary role in
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Figure 3.1

The process by which students respond to summative and in-the-moment surveys (Duckworth

& Yeager, 2015)

informing practice rather than measuring outcomes, establishing the validity of practical

measures is a challenging task due to the typically small number of items they contain (Bryk

et al., 2015; Penuel et al., 2018; Yeager et al., 2013). This leads to difficulties in establishing

internal reliability, resulting in scarce research on testing their validity.

Given the importance of establishing validity for practical measures in educational re-

search, Penuel et al. (2018) and other scholars have developed specific criteria for evaluating

the validity of practical measures:

1. Focus on improving practice: The chosen measures should center on enhancing

educational practices. To achieve this, they need to be fundamentally linked to the

underlying issues encountered during the learning process. This connection ensures

that these measures serve to directly address and overcome challenges experienced by

learners (Yeager et al., 2013).

2. Ability to predict student outcomes: The second criterion stresses the predictive

capacity of these measures. This means that the measures selected should be capa-

ble of predicting specific student outcomes (Bryk et al., 2015; Yeager et al., 2013).

Furthermore, establishing the hypothesized relationships through measurement equiv-

alence across times (Kosovich et al., 2015) would validate these measures as early

indicators of these outcome measures (Penuel et al., 2018).
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3. Embeddedness in the learning process: Finally, these practical measures should

be integrated within the learning process. They shouldn’t function as isolated tools

but should actively be a part of the educational activities, informing teachers about

the students’ progression of learning.

The current study seeks to adhere to these criteria in its approach. The broader

research practice partnership project (Shehzad, Clarke-Midura, et al., 2023) echoes the

intent of the first criterion. The overarching goal of this project is to improve instructional

practices, emphasizing the significance of addressing problems faced during learning. As

for the second criterion, this study employs a statistical model to analyze the predictive

relationships between the exit tickets and students’ affective outcomes. This methodology

allows the research to explore the predictive capacity of exit ticket responses in relation to

students’ learning outcomes. The present study, as we shall see, involves administration of

surveys embedded in the learning process, thus fulfills the third criterion.

In previous research, the outcomes in the Penuel et al. (2018) study were limited to an

assessment task, the outcomes in the current study on the other hand encompasses learners’

attitudes towards computing, measured in terms of self-efficacy, interest, and computer

science identity.

Methods

Participants and Context

This study was conducted as a part of a larger research project in collaboration with

Utah State University (USU) and a local school district that encompasses 17 elementary

schools serving rural and small-town communities. Our research team collaborated with

district content leaders and educators to co-design instructional units for Grade 5 that

integrated mathematics and computer science (CS) concepts across instructional contexts,

the regular classroom and the computer lab. The focal population for the present study

comprises Grade 5 students studying in the partnering school district. Across all 17 schools,
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these students participated in math-integrated CS lessons in the computer lab and CS-

integrated math lessons in their regular classrooms.

Expansive framing (Engle et al., 2012) is an instructional theory that aims to support

the transfer of learning across contexts. It suggests that by presenting content across diverse

settings, students can apply what they learn in one setting to another. This approach un-

derscores the importance of interconnecting subjects to enhance transfer. In our approach,

we utilized expansive framing to inform the design integrated CS-math lessons. CS concepts

were interwoven into math lessons, while math principles were highlighted during computer

lab sessions, mutually reinforcing math and programming concepts. The use of expansive

framing as a theory is gaining traction in many instructional approaches (Grover et al.,

2014). This paper focuses on students’ learning during the computer lab lessons.

Research Instruments

Affect Outcome measures

The outcome measures used in this study include constructs identified in the literature

that relate to students’ attitudes towards computing. It incorporates items from previous

works (Clarke-Midura et al., 2019; Hulleman, 2007) and its design prioritizes practicality

over precision. This is evident in the fact that it includes a total of only 9 items related to

self-efficacy, interest, and computer science identity (see Table 3.2).

While these affective constructs provide valuable insights into students’ attitudes to-

wards computing, they also come with limitations associated with outcome measures. The

next section, therefore, delves into practical measures designed for this study. These practi-

cal measures aim to address limitations associated with outcome measures and offer a more

immediate, ”in-the-moment” perspective on student motivation and engagement.

Student Exit Tickets

One form of practical measures used in educational research is student exit tickets.

Penuel et al. (2018) defined student exit tickets as short surveys administered at the end of
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Table 3.2

Student Affect Survey Items Measured On A 5-point Likert Scale (1 = Strongly Disagree to

5 = Strongly Agree) and Respective Constructs

Survey Item Construct

I could become a computer programmer one day. CS Identity
I can be a computer programmer. CS Identity
The programming we are learning in the computer lab is interesting. Interest
Computer programming is boring. Interest
I am interested in computer programming outside of the computer lab. Interest
Computer programming is interesting. Interest
I am a good computer programmer. Self-Efficacy
I could do more challenging computer programming. Self-Efficacy
I can program computers well. Self-Efficacy

each instructional unit, providing educators with insights to inform their ongoing instruc-

tional practices. These practical measures, used recurrently, are not just informative but

can also be predictive of essential educational outcomes (Yeager et al., 2013). In the current

study, we used exit tickets to measure students’ experiences.

In selecting the most suitable exit ticket measures, we adhered to three key criteria set

forth by Penuel et al. (2018) and others.

1. Enjoyment: The value that students find in a task often depends on enjoyment (J. S.

Eccles & Wigfield, 2020). A positive learning context can foster a favorable attitude

and heighten self-assessed ability (Koenka, 2020). In the field of CS education, higher

enjoyment has been linked to increased self-efficacy (Kinnunen & Simon, 2011). The

exit ticket item assessing enjoyment utilized a Likert scale, where students rated their

agreement with the statement: ”I enjoyed programming in today’s class.”

2. Perceived Difficulty/Ease: Perceptions of task difficulty can shape students’ ex-

pectations for success and their intrinsic interest in the task (J. S. Eccles & Wigfield,

2020). A high level of perceived difficulty can adversely affect (Rattan et al., 2012) and

incite frustration (Graham, 2020). However, overcoming challenging tasks can stim-

ulate positive emotions like pride (Weiner, 2010) as some studies found that higher

difficulty of programming tasks to be correlated with higher learning (Durak et al.,
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2019; Von Wangenheim et al., 2017). Thus, the perceived difficulty is an important

variable influencing students’ affective outcomes one way or the other. The corre-

sponding exit ticket item asked students to rate their agreement on a Likert scale

with the statement: ”Today’s programming task was difficult”. The scale was re-

versed for this item during the analysis.

3. Perceived Connection between Computer Science and Math: The recent

literature review by Shehzad, Recker, et al. (2023) underscores the importance of

explicitly linking computer science and math in education, a finding grounded in

the works of Israel and Lash (2020), Weintrop et al. (2016), and Wong and Cheung

(2020). This explicit linkage is crucial for fostering a meaningful math-integrated

computer science experience, a key objective of this study. The significance of this

approach stems from the concept of Expansive Framing (Engle et al., 2012) - the

idea that broad contextual framing of concepts, such as math and computer science,

encourages students to take ownership and engage in authorship. The corresponding

exit ticket item asked students the following question: ” Today’s class was related to

what I do in math class.”

The chosen exit ticket items (See Figure 3.2) adhere to the defined selection criteria as

follows. They are fundamentally linked to the issues encountered during learning (Criterion

1), possess predictive capacity towards specific student outcomes (Criterion 2), and are inte-

grated within the learning process (Criterion 3). This study seeks to examine relationships

between these constructs and their impacts on student outcomes, thereby adding to our

understanding of the mechanisms of learning.

Data Collection

The exit tickets (see Figure 3.2), which were designed to serve as practical measures

embedded within the learning process, were administered in the computer lab twice in an

academic year, once after the lesson implementation in the fall and then in the spring during

the same school year. We administered the affect outcome survey (see Table 3.2) before
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Figure 3.2

Student exit tickets on a 5-point Likert scale

and after the two-lesson implementation. Table 3.3 shows the number of students, classes,

and schools that participated in the surveys and exit tickets.

Table 3.3

Frequencies of students, classes, and schools that took the survey

Instrument # Schools # Classes ‘n’ students

Pre-survey September 2022 17 49 1153
Post-survey March 2023 12 35 848
CS Exit Tickets Fall 2022 17 47 1067
CS Exit Tickets Spring 2023 15 45 929

Working theory

This study used both practical measures and affective outcome measures. These mea-

sures are interconnected within a working theory (See Figure 3.3), which hypothesizes how

these observed outcomes are produced (Yeager et al., 2013). In particular, student responses

to exit tickets are hypothesized to predict affective outcomes, thus equipping practitioners

with valuable knowledge to evaluate and refine their instructional strategies. The ultimate

goal is to understand the interconnectedness of students’ perceptions of a computer science

(CS) instructional context, and their attitudes toward computing.
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Figure 3.3

Working theory connecting exit ticket items to outcome measures

Objectives and Contributions

Motivated by theoretical underpinnings and practical application, the present study

aims to validate practical measures. The research uses statistical modeling to analyze

predictive relationships between exit ticket responses and pre-post affect surveys linked to

attitudes towards computing. Its objectives and corresponding research questions are thus

structured around these goals.

Objective 1: Identify useful student experience measures that can be captured through

exit tickets.

This first objective recognizes that affective constructs such as self-efficacy (Schunk &

DiBenedetto, 2020), interest (Lent & Brown, 2008), and computer science identity, while

related to learning outcomes, are usually measured through pre-and-post-implementation

surveys, thus do not link student experiences to classroom instruction. The current study

aims to identify valid exit ticket items that measure students’ learning experiences and can

be embedded within the learning process.

Research Question 1: What exit ticket items can be embedded in the learning process

that are valid measures of students’ learning experience?
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Objective 2: Predict students’ CS outcomes based on their reported experiences using

exit tickets.

The second objective builds on the first, aiming to predict students’ CS affective out-

comes based on students’ reported experiences using exit tickets. It seeks to validate the

working theory underlying the use of these practical measures, moving beyond previous

attempts that were either impractical due to length of practical measures (Kosovich et al.,

2015) or unsuccessful in establishing a connection between student exit tickets and learning

outcomes (Penuel et al., 2018). In this study, we collected student experiences in real-time

and related them to students’ affective outcomes.

- Research Question 2: How well can the lesson-specific exit ticket measures predict

student affective outcomes?

By identifying useful student experience measures, we seek to fill a noted gap in the

motivational literature, which currently lacks methods for systematically capturing student

emotions related to their learning experiences in real-time (Graham, 2020). Exit tickets are

administered directly post-instruction, and can serve as a vehicle to record these momentary

affective states, capturing their cumulative and recursive changes (J. S. Eccles & Wigfield,

2020). In predicting students’ CS outcomes based on their reported experiences, this study

aims to validate the working theory (see Figure 3.3) underpinning this research, lending

empirical weight to its practical implications.

Analysis

For analysis, we chose to perform confirmatory factor analysis using Structural Equa-

tion Modeling (SEM) framework over analysis of variance (ANOVA) or regression due to

its distinctive advantages. In contrast to ANOVA or regression, it allows for simultaneous

estimation of multiple, interrelated relationships (Kline, 2016). Furthermore, SEM allows

for the analysis of latent variables and measurement error, permitting a more precise and

nuanced understanding of underlying constructs and relationships within the data. In ad-

dition, SEM supports the testing of complex, interrelated relationships between multiple

variables simultaneously, hence providing a comprehensive view of the data landscape.
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Figure 3.4

SEM model diagram based on working theory

Path diagram

Based on our working theory (see Figure 3.3), Figure 3.4 shows a path diagram demon-

strating the hypothesized relationships between affect measures on the post-survey and stu-

dent exit ticket measures. The two instances (fall and spring) of administering each exit

ticket item were represented by a combined effect latent variable for the items of enjoyment

and ease. We used the CS math connection item as an observed variable (an average of

the two time points), a decision influenced by the issues of model convergence. The exit

ticket items served as the independent variables, and the affective outcomes of interest,

self-efficacy, and computer science identity functioned as dependent variables in our model.

Data Diagnostics

We performed an Exploratory Factor Analysis (EFA) with varimax rotation (Kaiser,

1958; Lawley & Maxwell, 1962) for the 9-item affect survey to establish the validity of the

underlying constructs. The EFA results clearly demonstrated that the items of self-efficacy,
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interest, and computer science identity loaded effectively on their respective constructs (see

Table 3.4).

We then checked the skewness and kurtosis values of the measures, ensuring that they

were within the acceptable ranges of -2 and +2 for all the student response items recorded

on the 5-point Likert scale.

Table 3.4

Results of the Exploratory Factor Analysis of Affective Survey Conducted for Establishing

Construct Validity

Factor1
(Interest)

Factor2
(Self-
Efficacy)

Factor3
(CS Identity)

CS identity
item 1

0.72

CS identity
item 2

0.69

Interest Item 1 0.69
Interest Item 2
(reversed)

0.66

Interest Item 3 0.45
Interest Item 4 0.79
Self-efficacy
item 1

0.63

Self-efficacy
item 2

0.59

Self-efficacy
item 3

0.71

Note: Factor values smaller than 0.4 are hidden in the table.

Lastly, we tested the measurement invariance of our model across the two timepoints

when the exit ticket data was collected. The test included data for the students who

responded to exit tickets at both timepoints (n = 557). This step is crucial for establishing

the statistical validity of practical measures (Kosovich et al., 2015).

Table 3.5 results indicate that none of the three comparisons were significant, thereby

affirming strict measurement invariance across timepoints.
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Table 3.5

Chi-square Tests for Measurement Invariance Across Timepoints

Models compared DF χ2 p-val

Variable factor loadings
Restricted factor loadings 12 0.13 1
Restricted factor loadings
Restricted factor loadings and intercepts 15 10.26 .803
Restricted factor loadings and intercepts
Restricted factor loadings, intercepts, and error variances 21 1.34 1

Results

We conducted our analysis using the lavaan package (Rosseel, 2012) in R (Team, 2023)

to specify the path model shown in Figure 3.4 as a structural equation model. The re-

sulting model fit statistics were as follows: χ2 (201, N = 1564) = 569.9, p < .001; CFI =

0.952; TLI = 0.945; RMSEA = 0.038, SRMR = 0.040. These metrics—CFI, SRMR, and

RMSEA—indicate a good model fit as they reside within the acceptable ranges of CFI >

0.95; RMSEA <.08, SRMR < .08 prescribed Hu and Bentler (1999) more stringent cutoff

thresholds.

The regression results of this model are reported in Table 3.6. Here, we present the

predictive relationships between exit ticket items and post-survey measures of Self-efficacy,

Interest, and CS Identity.

Table 3.6 illustrates:

• Perceived enjoyment, as reported in the exit tickets, significantly predicted post-survey

measurements of self-efficacy (Std β = 0.34, SE = 0.14, p = .001), interest (Std β

= 1.98, SE = 1.53, p = .05), and CS identity (Std β = 0.41, SE = 0.15, p < .001)

—while controlling for the respective pre-survey measurements.

• Perceived ease, also recorded in the exit tickets, significantly predicted post-survey

measurement of self-efficacy (Std β = 0.26, SE = 0.16, p = .013) while controlling for

the pre-survey measurement of self-efficacy. The relationships with Interest and CS
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Table 3.6

Results showing predictive relationship between student exit ticket items and post-survey

Self-efficacy, Interest, and CS Identity

Self-efficacy Interest CS Identity
post-survey post-survey post-survey

N = 848 # Items = 3 # Items = 4 # Items = 2
Predictor N Type Std β SE Std β SE Std β SE

– 1153 Pre-survey 0.30*** 0.07 -0.62 0.87 0.27*** 0.06
Enjoyment 1062, 926 Exit Ticket 0.34** 0.14 1.98* 1.53 0.41*** 0.15
Ease 1058, 926 Exit Ticket 0.26* 0.16 -0.79* 0.9 0.07 0.16
Connection 1056, 925 Exit Ticket 0.01 0.05 -0.39* 0.27 -0.01 0.05

*** p <. 001, ** p < .01, * p <.05
Note: Estimates are standardized

Identity were not significant while controlling for their respective pre-survey measure-

ments.

• The perceived connection between math and CS, reported in the exit tickets, didn’t

significantly predict any of the affective constructs measured on the post-survey, when

pre-survey measures were taken into account.

From the findings, we can conclude:

• Exit tickets are valid tools for capturing students’ real-time perceptions of instruc-

tional activities. This validity is demonstrated by the invariance of measurements

across two timepoints (Kosovich et al., 2015).

• Exit tickets can predict the summative measures of student affect outcomes.

• While the perceived connection between math and CS did not predict any of the affec-

tive constructs measured, it remains a valid measure that aligns with the overarching

goals and theory of the research-practice partnership project. We might need to add

additional outcome variables in future studies to understand the effects of students’

perceptions of connections between math and CS instruction.

Lastly, Table 3.7 presents the standardized values of factor loadings.
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Table 3.7

Standardized values of factor loadings

Pre-survey Post-survey
Construct Item Std β SE Std β SE

Self-Efficacy item 1 0.75 0 0.84 0
Self-Efficacy item 2 0.67*** 0.05 0.73*** 0.04
Self-Efficacy item 3 0.72*** 0.05 0.78*** 0.03
Interest item 1 0.71 0 0.84 0
Interest item 2 0.68*** 0.06 0.76*** 0.04
Interest item 3 0.65*** 0.06 0.76*** 0.04
Interest item 4 0.87*** 0.06 0.9*** 0.03
CS Identity item 1 0.74 0 0.87 0
CS Identity item 2 0.87*** 0.05 0.87*** 0.03
Student exit tickets
enjoyment time 1 0.62 0 – –
enjoyment time 2 0.62*** 0.08 – –
ease time 1 0.5 0 – –
ease time 2 0.53*** 0.18 – –

*** p < .001

Discussion

The current measures used in educational research often fall short when it comes to

informing practical instructional strategy. Their long administration time often limits their

frequency of use, and the measurements of student perceptions typically rely on recalling

emotional states. Practical measures, on the other hand, address the immediate concerns of

instructional practice. These measures can be easily and promptly administered, collected

closer to the time of instruction, and thus, may capture cognitive and behavioral changes

more accurately. However, it is often hard to test the construct validity of practical mea-

sures. The current study confirms the validity of student exit tickets, a form of practical

measure, in accurately representing student experiences. These findings present a case for

the use of exit tickets as tools to provide educators with immediate feedback about their

instruction, thereby allowing them to make timely adjustments and improvements.
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Interpretation of Findings

These findings confirm that student exit tickets can serve as reliable practical measures,

capable of being embedded in the learning process to capture students’ immediate learn-

ing experiences. The study revealed that items on exit tickets, specifically those regarding

students’ perceived enjoyment and difficulty of tasks, can accurately predict affective out-

comes, thus demonstrating their predictive capacity and utility in educational practice. The

findings also make a case for using exit tickets as a proxy for more time intensive measures

of student affect.

When we compare our findings with existing literature on measures commonly used

in computing education, we find that our study aligns with previous work. We found that

enjoyment (as captured by the exit ticket) was found to predict self-efficacy, interest, and

computer science identity in the present study. This is consistent with literature indicating

a correlation between enjoyment and attitude toward computer programming (Cabada et

al., 2018) and related constructs (J. S. Eccles & Wigfield, 2020; Kinnunen & Simon, 2011).

Moreover, the ’ease’ of a task (as perceived by students and assessed by the exit ticket) was

found to predict self-efficacy on the post-survey. This finding aligns with previous research,

which has shown that difficulty can adversely affect students’ attitudes when measured

as expectancies for success (Weiner, 2010), and motivation (Rattan et al., 2012), and can

potentially lead to frustration (Graham, 2020).

Interestingly, our findings also show that ease did not significantly predict interest

and was negatively correlated with it. The negative correlation is not an entirely new

finding. For instance, Weiner (2010) suggested that when tasks are perceived as too easy,

students might deem them as mundane, and conversely, the completion of challenging tasks

may spark feelings of pride and other positive emotions. Moreover, some research has

demonstrated that a higher level of difficulty in programming tasks can be associated with

greater learning outcomes (Durak et al., 2019; Von Wangenheim et al., 2017). Therefore,

the relationship between task difficulty and attitudes towards computing appears to be

multifaceted, encompassing both advantages and disadvantages.
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Implications for Practice

Given these findings, we recommend incorporating student exit tickets into instruc-

tional activities as they can be an effective means for capturing cognitive and emotional

experiences in real-time. As shown in this study, exit tickets can reliably measure students’

perceived enjoyment, difficulty levels, and to an extent, connection between subjects.

Moreover, student electronic exit tickets are easy to administer and don’t take up valu-

able class time (Raza et al., 2021). Gathering this information immediately after instruction

can allow educators to adapt their teaching strategies promptly, such as by introducing ad-

ditional reinforcement for concepts perceived as difficult. On the other hand, if enjoyment

levels are low, teachers might consider incorporating more engaging, hands-on activities.

By integrating this feedback mechanism into teaching practices, educators can dynami-

cally respond to the changing needs of their students, ultimately enhancing their learning

outcomes.

Limitations and Directions for Future Research

Our study has several constraints to consider. One key limitation is the lack of direct

assessment of student learning outcomes, limiting the analysis to exit ticket measures pre-

dicting affective outcomes only. Further research could address this by incorporating direct

assessments of learning outcomes, thereby examining the predictive strength of exit tickets.

The administration of exit tickets was confined to two timepoints in our study, leaving

room for the exploration of measurement consistency across multiple timepoints. We also

attempted to test for measurement invariance across various student groups. It required

dividing data among groups reducing the sample size, which was already impacted by a high

number of missing data points. Thus, the model didn’t converge. Future studies should

consider a larger sample size or reduce missingness in data to test measurement invariance

among different student groups more robustly.

The research setting, centered around Grade 5 students from 17 rural-serving ele-

mentary schools in the western US, might not reflect the wider population of elementary
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students. The generalizability of these findings could be expanded in future research by in-

cluding different grades, school types, and geographical locations, thus testing the measures’

robustness across various student populations. It would also be valuable to investigate the

applicability of exit tickets in different subjects outside of computing education to establish

their broader validity.

Additionally, the varying predictive power of different exit ticket items was observed,

with the perception of a connection between math and CS not predicting any affective

outcomes. This points to the potential need for more comprehensive measures, such as

assessment measures, to understand its effects better.

To capture students’ experiences more holistically, future research could look into val-

idating additional practical measures. For example, measures capturing students’ engage-

ment, perceived relevance of the material, or their sense of belonging in the classroom might

improve our understanding of student experiences. Further research should also consider

how educators interpret and utilize the feedback provided by exit tickets and their subse-

quent effects on student learning and affective outcomes.

Conclusion

This study presents key insights on the potential of practical measures, like student exit

tickets, in transforming instructional approaches within computing education and beyond.

Our findings underscore the value of these measures in capturing students’ real-time learning

experiences, without need to administer time-consuming pre/post surveys. In practice,

they can empower educators to make immediate adjustments based on these experiences,

fostering a more responsive learning environment tailored to student needs. Furthermore,

educators can use easy to administer exit tickets as proxies to measuring affect via surveys

that typically take much longer to administer.
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Sáinz, M., & Eccles, J. (2012). Self-concept of computer and math ability: Gender impli-

cations across time and within ICT studies. Journal of Vocational Behavior, 80 (2),

486–499. https://doi.org/10.1016/j.jvb.2011.08.005

Sawyer, R. K. (2006). The Cambridge handbook of the learning sciences. Cambridge Uni-

versity Press.

Schunk, D. H., & DiBenedetto, M. K. (2020). Motivation and social cognitive theory. Con-

temporary Educational Psychology, 60, 101832. https://doi.org/10.1016/j.cedpsych.

2019.101832

Shehzad, U., Clarke-Midura, J., Beck, K., Shumway, J., & Recker, M. (2023). Integrated,

Elementary-Level Computer Science: A Cross Contextual and Expansive Approach.

Building knowledge and sustaining our community: The International Conference of

the Learning Sciences (ICLS).

Shehzad, U., Recker, M., & Clarke-Midura, J. (2023). A Literature Review Examining

Broadening Participation in Upper Elementary CS Education. Proceedings of the

https://doi.org/10.18637/jss.v048.i02
https://doi.org/10.1145/2037276.2037278
https://doi.org/10.1145/2037276.2037278
https://doi.org/10.1093/biomet/63.3.581
https://doi.org/10.1093/biomet/63.3.581
https://doi.org/10.1006/ceps.1999.1020
https://doi.org/10.1006/ceps.1999.1020
https://doi.org/10.1016/j.jvb.2011.08.005
https://doi.org/10.1016/j.cedpsych.2019.101832
https://doi.org/10.1016/j.cedpsych.2019.101832


69

54th ACM Technical Symposium on Computing Science Education. https ://doi .

org/10.1145/3545945.3569873

Simpson, J. C. (2003). Mom Matters: Maternal Influence on the Choice of Academic Major.

Sex Roles, 48 (9), 447–460. https://doi.org/10.1023/A:1023530612699

Singh, K., Allen, K. R., Scheckler, R., & Darlington, L. (2007). Women in Computer-

Related Majors: A Critical Synthesis of Research and Theory From 1994 to 2005

[Publisher: American Educational Research Association]. Review of Educational Re-

search, 77 (4), 500–533. https://doi.org/10.3102/0034654307309919

Starrett, C., Doman, M., & Garrison, C. (2015). Computational Bead Design: A Pilot

Summer Camp in Computer Aided Design and 3D Printing for Middle School Girls.

Proceedings of the 46th ACM Technical Symposium on Computer Science Education,

4. https://doi.org/http://dx.doi.org/10.1145/2676723.2677303

Steiger, J. H., & Lind. (1980). Statistically based tests for the number of common factors.

the annual meeting of the Psychometric Society. Iowa City, IA. 1980. Retrieved

December 6, 2021, from https://ci.nii.ac.jp/naid/10012870999/

Steinhorst, P., Petersen, A., & Vahrenhold, J. (2020). Revisiting Self-Efficacy in Introduc-

tory Programming. In 2020 International Computing Education Research Confer-

ence (ICER ’20), 12. https://doi.org/https://doi.org/10.1145/3372782.3406281

Team, R. C. (2023). R: A language and environment for statistical ## computing. https:

//www.R-project.org/

Turner, S., & Lapan, R. T. (2002). Career Self-Efficacy and Perceptions of Parent Support

in Adolescent Career Development. The Career Development Quarterly, 51 (1), 44–

55. https://doi.org/10.1002/j.2161-0045.2002.tb00591.x

Ullman, J. B., & Bentler, P. M. (2012). Structural Equation Modeling, 30.

Usher, E. L., & Pajares, F. (2008). Sources of Self-Efficacy in School: Critical Review of

the Literature and Future Directions [Publisher: American Educational Research

Association]. Review of Educational Research, 78 (4), 751–796. https://doi.org/10.

3102/0034654308321456

https://doi.org/10.1145/3545945.3569873
https://doi.org/10.1145/3545945.3569873
https://doi.org/10.1023/A:1023530612699
https://doi.org/10.3102/0034654307309919
https://doi.org/http://dx.doi.org/10.1145/2676723.2677303
https://ci.nii.ac.jp/naid/10012870999/
https://doi.org/https://doi.org/10.1145/ 3372782.3406281
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1002/j.2161-0045.2002.tb00591.x
https://doi.org/10.3102/0034654308321456
https://doi.org/10.3102/0034654308321456


70

Vachovsky, M., Wu, G., Chaturapruek, S., Russakovsky, O., Sommer, R., & Fei, L. F.

(2016). Toward more gender diversity in CS through an artificial intelligence summer

program for high school girls. In Proceedings of the 47th ACM Technical Symposium

on Computing Science Education., 303–308.

Vanderweele, T. J., & Vansteelandt, S. (2009). Conceptual issues concerning mediation,

interventions and composition [Publisher: International Press of Boston]. Statistics

and Its Interface, 2 (4), 457–468. https://doi.org/10.4310/SII.2009.v2.n4.a7

Vekiri, I., & Chronaki, A. (2008). Gender issues in technology use: Perceived social support,

computer self-efficacy and value beliefs, and computer use beyond school. Computers

& Education, 51 (3), 1392–1404. https://doi.org/10.1016/j.compedu.2008.01.003

Von Wangenheim, C. G., Alves, N. C., Rodrigues, P. E., & Hauck, J. C. (2017). Teaching

Computing in a Multidisciplinary Way in Social Studies Classes in School“ - A Case

Study. International Journal of Computer Science Education in Schools, 1 (2), 3.

https://doi.org/10.21585/ijcses.v1i2.9

Wang, M.-T., & Eccles, J. S. (2012). Social Support Matters: Longitudinal Effects of Social

Support on Three Dimensions of School Engagement From Middle to High School:

Social Support. Child Development, 83 (3), 877–895. https://doi.org/10.1111/j.1467-

8624.2012.01745.x

Webb, H. C., & Rosson, M. B. (2011). Exploring careers while learning Alice 3D: A summer

camp for middle school girls, 6.

Wei, X., Lin, L., Meng, N., Tan, W., Kong, S.-C., & Kinshuk. (2021). The effectiveness of

partial pair programming on elementary school students’ Computational Thinking

skills and self-efficacy. Computers & Education, 160, 104023. https://doi.org/10.

1016/j.compedu.2020.104023

Weiner, B. (2010). The Development of an Attribution-Based Theory of Motivation: A

History of Ideas. Educational Psychologist, 45 (1), 28–36. https://doi.org/10.1080/

00461520903433596

https://doi.org/10.4310/SII.2009.v2.n4.a7
https://doi.org/10.1016/j.compedu.2008.01.003
https://doi.org/10.21585/ijcses.v1i2.9
https://doi.org/10.1111/j.1467-8624.2012.01745.x
https://doi.org/10.1111/j.1467-8624.2012.01745.x
https://doi.org/10.1016/j.compedu.2020.104023
https://doi.org/10.1016/j.compedu.2020.104023
https://doi.org/10.1080/00461520903433596
https://doi.org/10.1080/00461520903433596


71

Weintrop, D., Beheshti, E., Horn, M., Orton, K., Jona, K., Trouille, L., & Wilensky, U.

(2016). Defining Computational Thinking for Mathematics and Science Classrooms.

Journal of Science Education and Technology, 25 (1), 127–147. https://doi.org/10.

1007/s10956-015-9581-5

Wong, G. K.-W., & Cheung, H.-Y. (2020). Exploring children’s perceptions of develop-

ing twenty-first century skills through computational thinking and programming

[Publisher: Routledge]. Interactive Learning Environments, 28 (4), 438–450. https:

//doi.org/10.1080/10494820.2018.1534245

Yeager, D., Bryk, A., Muhich, J., Hausman, H., & Morales, L. (2013). Practical measure-

ment. Palo Alto, CA: Carnegie Foundation for the Advancement of Teaching, 78712.

Zhong, B., Wang, Q., Chen, J., & Li, Y. (2017). Investigating the Period of Switching Roles

in Pair Programming in a Primary School [Publisher: Educational Technology &

Society]. Educational Technology & Society, 20 (3), 220–233.

https://doi.org/10.1007/s10956-015-9581-5
https://doi.org/10.1007/s10956-015-9581-5
https://doi.org/10.1080/10494820.2018.1534245
https://doi.org/10.1080/10494820.2018.1534245

	Modeling Elementary Students' Computer Science Outcomes With In-School and Out-of-School Factors
	Recommended Citation

	ABSTRACT
	PUBLIC ABSTRACT
	ACKNOWLEDGMENTS
	LIST OF TABLES
	LIST OF FIGURES
	INTRODUCTION TO MULTIPLE PAPER DISSERTATION
	Problem Statement
	Goals and Objectives
	Significance of Study
	Definition of Terms
	Summary
	Dissertation Outline

	Examining the Role of Parental Support on Youth’s Interest in and Self-Efficacy of Computer Programming
	Introduction
	Self-efficacy in CS Education
	Interest in CS Education
	Parental Support and CS
	Linking Self-efficacy, Interest, and Parental Support
	Research Questions, Aims, and Objectives

	Method
	Participants
	Research Context
	Data Collection
	Measures and Covariates
	Psychometrics
	Data Diagnostics
	Analytic Strategy

	Results
	Statistics and Data Analysis
	How parental support influences self-efficacy and interest
	The effect of taking the board game home

	Discussion and Limitations
	Addressing Research Questions
	LIMITATIONS

	CONCLUSIONS

	ADVANCING THE VALIDITY ARGUMENT OF PRACTICAL MEASURES IN ELEMENTARY COMPUTER SCIENCE
	Introduction
	Literature Review
	Affective Measures Used in Education
	Practical Measures

	Methods
	Participants and Context
	Research Instruments
	Objectives and Contributions
	Analysis

	Results
	Discussion
	Interpretation of Findings
	Implications for Practice
	Limitations and Directions for Future Research

	Conclusion

	REFERENCES

