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ABSTRACT 

 For nearly three decades, researchers have studied the persistent 

underrepresentation of women in computer science and computing-related fields. 

Findings indicate that recruitment and retention strategies result in short-term gains in 

interest and diversity in computer science.  One recruitment strategy that shows promise 

to increase student interest in computer science is after-school programs. To increase the 

number of students exposed to and interested in computer science and Science, 

Technology, Engineering, and Math (STEM) fields, a suburban school district in 

southeastern Pennsylvania started an after-school program.  This fee-based program 

offers seven-week long robotics, programming, and science experiment courses for 

elementary and middle school students.  

 This study used a quantitative approach with the expectancy-value model as the 

theoretical framework to examine whether there are lasting effects from this after-school 

program on course and career selection.     

 The results show a higher likelihood of study participants, each of whom 

participated in an after-school program, to select computer science in high school than the 

general high school population.  The results also show that the rate of computer science 

choice for this group is also significant when accounting for the gender of the 

participants. Family dynamics may have been the influencing factor.  The results are not 

supportive of the after-school program influencing participants to study computer science 

at the collegiate level, but there is some support for study participants interest in a 

computing career. 
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CHAPTER 1 

INTRODUCTION 

Overview 

Computer technology is fundamental to nearly every aspect of human life. The 

uses in businesses with spreadsheets, word processing, email, and production facilities 

with robotics and computer-aided design are obvious and well-known changes to former 

business practices to include computing technology.  Many industries, some surprising, 

have also embraced computing systems to increase productivity and outcomes and 

decrease waste and lead times.  From inventory and sales systems at retail locations, 

websites for communication and sales, entertainment through streaming services and 

video gaming, and computational software embedded in everyday objects such as cars, 

tractors, phones, and soda machines, computers, computing technology, and 

computational devices are ubiquitous.  It is difficult to think of any industry that does not 

need to use or create computing technology to operate.  

 Since computing became accessible for home and small business use in the 1980s, 

the manufacturing, healthcare, retail, education, and agriculture industries have all 

increased usage of computer technologies (Colombo, 1988; Gelber, n.d.). In 

manufacturing, computer-integrated or computer-aided manufacturing has increased due 

to high demand and shortened lead times on production (Shaheem, 2015).  There is also 

an increasing need for skills to use, control, and program waterjet and laser cutters, 

programmable logic control, 3D processes, and AutoCAD software in manufacturing 

(Messler, 2013).   Increasing usage of Telehealth, wearable medical devices, and robotic 
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surgery processes are just a few of the pervasive uses of computing in healthcare (Orwatt, 

Graefe & Faulwasser, 2008). Retail, education, and agriculture, industries that were 

former bastions of analog operations, are now being transformed by the need and ability 

to use Artificial Intelligence and computing technologies  (Gelber, n.d.; Walch, 2019).  

The ever-increasing need for access, use, and modification of computing 

technology means that we need an ever-increasing number of individuals that have 

computer science and computational thinking skills.  This need is not only to develop 

these technologies but also to implement, upgrade, and support these systems and the 

people that rely on the technology for work and personal use.  

Statement of the Problem 

Unfortunately, the computer science industry has two staffing problems: more job 

openings than qualified individuals and a lack of gender, racial and socioeconomic status 

diversity (National Science Foundation, 2017; STEM and Computer Science, 2017). The 

increase in open positions has occurred in recent years as technology has become 

ubiquitous.  The need to increase diversity has not been a recent occurrence.  The 

persistent lack of diversity, especially gender diversity, has been studied for over thirty 

years (Charleston et al., 2014; Clarke & Teague, 1996; Cohoon, 2013; Margolis & Fisher, 

2002).  

The increased pace of including computing technology in nearly all industries has 

not had a corresponding increase in individuals acquiring the skills needed to create and 

maintain these new systems.  There is an estimated shortage of 4.3 million skilled 

technology, media, and telecommunications individuals by 2030 (McLaren, 2018).  To 
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support the increases in computer science used in all industries, there needs to be a 

resultant increase in individuals attaining skills in computing technology. 

Underrepresented Students 

Not everyone has access to or awareness of this opportunity.  The opportunity to 

learn computer science should not depend upon your gender, neighborhood, family’s 

income level, or race/ethnicity.  Underrepresented minority students have unequal access 

to computer science courses in high school.  According to Code.org, a non-profit 

organization working to broaden access to computer science, students at fifty-three 

percent of schools with an underrepresented minority population of 0 to 25 percent of the 

general population have access to computer science courses.  That rate drops to only 

thirty-five percent of schools offering computer science courses when the 

underrepresented minority population is seventy-five to one hundred percent of the 

general population.  The Code.org organization has also found that students from low-

income backgrounds also have unequal access to computer science courses in high 

school.  Students at sixty-two percent of schools with zero to twenty-five percent of the 

general population eligible for the free and reduced lunch program have access to 

computer science courses.  That rate drops to only thirty-three percent of schools offering 

computer science courses when the underrepresented minority population is seventy-five 

to one hundred percent of the general population.  The rate of female students taking an 

Advanced Placement® computer science (APCS) course exam has increased dramatically 

since 2013. However, the female student percentage of APCS exam takers still amounts 

to just less than thirty percent (“Code.org’s Approach”, n.d.).   
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To increase the number of individuals with computer science skills, and therefore 

fill those positions with a greater diversity of people, those underrepresented individuals 

need to be aware of the required skills, be aware of the availability of these positions, and 

also have access to computer science education.  These are the main tenants of the 

broadening participation in computer science movement.  To do so, we need engaging, 

rigorous, and relevant computing technology and computer science learning included in 

in-school and out-of-school experiences at an early age (Stiles, 2017).   

Building awareness and skills at an early age can broaden the number of students 

that request computer science courses in high school. The skill acquisition and knowledge 

of the value of computer science skills can motivate those students to continue learning 

with the goal of a career in computing technologies.  Broadening access to and interest in 

computer science programs in high school has the potential to create a larger and, 

importantly, more diverse pipeline of students in computer science programs in college 

and trade schools.   

Encouraging the inclusion of women can address three critical challenges. First, 

gender diversity improves creative solutions; second, the shortage of female workers 

constitutes an underutilized resource; third, promoting gender diversity in computer 

science will allow currently disenfranchised women to embrace this creative and lucrative 

field.   For nearly three decades, researchers have studied the persistent 

underrepresentation of women and minority groups in computer science fields. A review 

of the pertinent literature on broadening access to computer science over the past thirty 

years can be categorized under three main focal points of motivational strategies: 
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classroom dynamics, diminishing stereotypes of the industry, and recruitment policies 

and programs (Clarke & Teague, 1996; Cohoon, 2013; Margolis & Fisher, 2002). While 

there is great importance to the first two focus areas of pedagogy and decreasing 

stereotypes, they are primarily retention strategies.  To increase the pipeline of diverse 

students studying computer science, we must utilize the third focus area of recruitment, 

which is at the center of this research.   

Theoretical Framework 

Classroom dynamics, diminishing stereotypes, and recruitment as motivational 

strategies are given support by the Expectancy-Value theory and model that is the 

theoretical lens for this study.  The Eccles et al. multivariate model shown in Figure 1.1 

illustrates the varied influences on motivation. The theory postulates that the expectation 

of success and perceived value of an achievement task govern experience-related choices. 

In this theory, the differential aptitude of the child, the expectation of success and the 

subjective task value mediated by the child’s perception and interpretation of the 

experience, their goals and self-schemata, and affective memories all can have an impact 

on achievement-related choices (Eccles & Wigfield, 2000).  

This widely used model can lead to a better understanding of the motivational 

factors that influence career goals.  This model has shown moderate to strong predictive 

support within a computer science or STEM context (Denner, 2011; Dickhäuser & 

Stiensmeier-Pelster, 2003).  If a program is a good fit with this model, then participation 

in a program will affect a participant’s view of their success in a course.  It will also 
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change their view of the value of the subject studied and increase the ability and 

perception of how they feel they can perform in a subsequent course and career. As such, 

if a program is a good fit with this model, it could be a fair recruitment motivational tool. 

 

Figure 1.1: Eccles et al., Expectancy-Value model of achievement (1994) 

Recruitment efforts that allow students to determine their expectations for success 

and the valuation for a subject should occur before or during a student’s formation of 

their possible career goals, between the ages of 10-15 (Denner, 2011; Dickhäuser & 

Stiensmeier-Pelster, 2003; Fouad, 1995).  By high school age, gender differences in 

computing appear to be well established (Denner, 2011).  This early recruitment timing 

will allow students to better understand the field, their possible fit with that field and 

enable students to choose courses that align with that career path.  
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Need for the Study 

A recruitment strategy that has shown promise for successful recruitment to 

computer science is after-school programs (Migus, 2014). After-school programs can 

have a large impact on computer science course and career choice, as they place 

computing within a social context, and these programs usually nurture peer 

encouragement (Wang, Hong, Ravitz & Ivory, 2015).  An after-school program would fit 

the expectancy-value model if it diminishes negative stereotypes, increases skills, and 

increases the perceived value of the subject taught.  

However, little research has investigated whether that initial spark of interest in 

computer science from after-school programs has a lasting effect on participants' 

motivation, especially those from underrepresented groups, to pursue computer science in 

high school and higher education. Therefore, using the expectancy-value model as a lens, 

this study focused on an after-school program's motivational influence on course and 

career selection.  

A suburban district in southeastern Pennsylvania offers an after-school STEM 

oriented program.  This seven-week-long fee-based program has session choices of 

robotics, programming, and science experiments for elementary and middle school 

students. This study investigated whether participation in the STEM after-school program 

influenced student choice of computer science courses in high school, whether the 

influence was different depending on the gender of the participant or socioeconomic 

level, and whether the program has impacted career choice.  
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Definition of Terms 

 Artificial Intelligence –  Software systems that respond to input with decisions 

that would be consistent with that of a normal human response (West, 2018). 

 Classroom Dynamics – The broad array of literature on broadening access and 

interest in computer science that has been categorized for this study within “classroom 

dynamics” includes specific pedagogy for computer science such as paired-programming, 

debugging, student grouping suggestions, inclusive décor, and inclusive discourse.   

 Computational Devices – Devices, including computers, tablets, and smartphones 

that complete a function using input and process the input to calculate results.     

 Computational Thinking – The thought processes involved with creating 

algorithms or steps in a program or process that can be carried out with or without a 

computer (Shute, Sun & Asbell-Clarke, 2017). 

 Computer Science – The study of computers and algorithmic processes, including 

their principles, their hardware and software designs, their applications, and their impact 

on society (Tucker et al., 2003). 

 Computing Technology – Most definitions for this term include a larger scope of 

technology in addition to computational devices.  This broader term includes the web, 

cloud computing, email, text messages, social media, data science, artificial intelligence, 

robotic process automation, machine learning, and cybersecurity (“Computing 

Technology”, n.d.; Duggal, 2020). 
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 Digital Divide – the growing gap between those that have access to computers 

and the internet and those that do not.  The groups that do not have access include the 

poor, rural, and elderly populations (“Digital divide”, n.d.). 

 Pervasive Computing – Also referred to as ubiquitous computing, pervasive 

computing is a growing trend of incorporating chips, sensors, and computing ability into 

formerly analog products creating a more useful and connected product. The human 

interface with the product can be unobtrusive and somewhat automatic using RFID 

capability, speech recognition, and artificial intelligence (Rouse, 2019).  

 Underrepresented minority students – “African Americans, American 

Indians/Natives, and Latinos are grouped together in a common term known as 

underrepresented racial/ethnic minority groups or URM students.  URMs have 

historically comprised a minority of the U.S. population and earned between 12.5 and 17 

percent of all STEM degrees in 2011.”  (Liverman, 2018, p. 1). 

Research Questions 

This study's goal is two-fold - to investigate the impact of the after-school 

program on high school course choices and investigate if after-school participants’ 

perception of computer science and their computer science ability changed due to 

participation in the program.  The research questions addressed in this study include: 

1. Does participation in an after-school computer science program increase the 

likelihood of taking computer science courses in high school? 
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a. Of these students who participated in the after-school program, are there 

gender differences in the computer science course choice rate in high 

school? 

2. Do students perceive that participation in the after-school computer science 

program supported a subsequent interest in a college computer science or STEM 

major? 

a. What other computer science activities do students perceive as influencing 

their interest in computer science courses in college? 

b. Does participation in the after-school computer science program lead to a 

subsequent interest in a computer science career? 

Summary 

 The computing industry requires an increase in specially trained individuals to fill 

a projected void of potentially millions of jobs.  These jobs span nearly every industry, 

and the shortage of qualified individuals has the potential to impact the level of 

innovation across the nation negatively.  The computing industry also needs to increase 

workforce diversity to solve more problems for more people inclusively.  This research 

studied the impact of an after-school program to develop an understanding of the 

influence of that program on computer science course selection and career pathways.  

This dissertation will first investigate the relevant literature, and then will delve into the 

study methods and the experience of the after-school program. The results of the data and 

survey analyses will follow with a discussion on the impact of the after-school program 
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on course and career choice.  The dissertation will conclude with possible implications 

for educators and curriculum development. 
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CHAPTER 2 

LITERATURE REVIEW 

Overview 

 In 2017, there were 500,000 available job openings in computer science 

(“Promote Computer Science,” 2017), yet there were only 59,581 computer science 

college graduates to fill them (“Bachelor’s degrees,” 2016).  The available jobs in the 

industry are not confined to those directly in companies that develop software.  Because 

computing knowledge is foundational, there is an increasing need for computer science 

skills in all Science, Technology, Engineering, and Math (STEM) professions.  

Computing knowledge is also used in virtually every field (Code.org Advocacy 

Coalition, 2017).    

 There is an underrepresentation of women and people of color in information 

technology and computer science (Charleston et al., 2014; Clarke & Teague, 1996; 

Cohoon, 2013; Margolis & Fisher, 2002).  Increasing the number of women can not only 

help to fill these positions, but can also help those individuals, and can improve 

algorithms by decreasing gender bias within those algorithmic solutions (Buolamwini, 

2017; Buolamwini & Gebru, 2018).  Recent attention has been called to significant 

inequities in American society-at-large with the Black Lives Matter (BLM) movement 

and specifically to the diversity issue within the technology sector with the 

#ShutDownSTEM support effort for the BLM movement (Chen, 2020; “ShutDown,” 

2020).  There is a profound, systemic diversity issue in the technology sector.   
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 There are several theories on the causes of the gendered participation gap in the 

technology sector and of the limited number of qualified individuals entering and 

remaining in the technology sector.  The most prominent descriptor of the unequal ratio 

of qualified individuals to open job positions in the sector is the leaky pipeline 

(Blickenstaff, 2005; Witteveen & Attewell, 2020).   The leaky pipeline describes the 

phenomenon as a pipeline that runs from secondary school to college and career.  Along 

this pipeline, students leak from the channel at various juncture points, which can also be 

described as dropping-off the technology pathway.  Although early studies indicated that 

women were more likely to drop off of the path early in the educational process than 

were men (DeWelde et. al., 2007), girls are actually less likely to start on the pathway 

than are boys (Master et. al., 2015) and recent studies show that the drop off rate at the 

collegiate level is gender neutral (Höhne & Zander, 2019;  Xenos et al., 2002).  

Influencing girls at a younger age is indicated in balancing the gendered participation 

gap. 

   A new Advanced Placement® (AP) course offering has increased the number of 

female and minority students taking a computer science course, but they are still quite 

underrepresented (Cain, 2012; Hill, Corbet, St. Rose & American Association of 

University Women, 2010; Molla, 2017). Women are equally represented at the overall 

college level, earning 57% of all bachelor’s degrees since the late 1990s. Yet, the number 

and percentage of women earning bachelor’s degrees in computer science declined in the 

past ten years, as seen in Table 2.1, with women attaining only 18.1% of computer 

science bachelor degrees in 2014 (National Science Foundation, 2017).  
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Table 2.1 

Women attaining computer science degrees, 1995, 2004, 2014 

Number of women 

Year Bachelor’s Master’s Doctorate 

1995 7,063 2,786 161 

2004 15,066 6,298 201 

2014 10,144 7,088 403 

Percent of women 

Year Bachelor’s Master’s Doctorate 

1995 28.5 26.4 18.2 

2004 25.1 31.2 22.1 

2014 18.1 28.8 20.8 

 

Increasing the number and diversity of computer science students will not only 

help those students enter a lucrative field, but an increase in diverse computer science 

students also has the potential to influence the success of our nation. America’s capacity 

to innovate and compete globally is contingent upon having a trained workforce in 

science, technology, engineering, math, and computer science (Beede et al., 2011). So 

important is this task that both the current and former Presidents of the United States have 

budgeted millions of dollars to broaden access to and interest in computer science (STEM 

and Computer Science, 2017; U.S. Office of the Press Secretary, 2016).  As diversity 

improves creative solutions, increasing the number of women in computer science will 
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help improve our solutions.  Numerous studies have determined that lack of diversity in 

planning and implementing algorithmic solutions provides sub-par solutions, with facial 

recognition failures being the most recognized problematic implementation (Buolamwini, 

2017; Buolamwini & Gebru, 2018; Diakopoulos, 2016).  As “women who try AP 

Computer Science in high school are ten times more likely to major in it in college” 

(“Promote Computer Science,” 2017), it is essential to discover ways to increase the 

number and diversity of students taking a computer science course in high school.   

 Within her blog post announcing the release of the Facebook 2016 Diversity 

Report, Maxine Williams, Facebook Global Director of Diversity, stated, “It has become 

clear that at the most fundamental level, appropriate representation in technology or any 

other industry will depend upon more people having the opportunity to gain necessary 

skills through the public education system” (2017). This statement about the Diversity 

Report ignited a Twitter protest for laying the lack of diversity in the technology industry 

on the education pipeline rather than on hiring practices (Guynn, 2016). While there are 

other factors at play in the workplace and hiring practices are among them, there is truth 

in the pipeline theory.  The US educational system is not now providing a large, well-

trained, and diverse pool of people for the computing industry (Equal Employment 

Opportunity Commission, 2016). While those in education cannot control the additional 

factors at play, they may be able to influence the recruitment and retention of students 

heading into the technology pipeline.   

 There are also various theories as to the causes of the gendered participation gap.  

Many of the early theories linked to biological or intelligence factors have been proven 



16 

 

 

false (Blickenstaff, 2005). Newer theories include studies on the influence of ability 

belief, or difficulty orientation and confidence gaps (Nix & Perez-Felkner, 2019; ), 

studies on the influence of occupational plans (Weeden, Gelbaiser & Morgan, 2020), and 

studies on the cultural stereotypes of gendered pathways, social pipeline and family-work 

orientation (Raabe, Boda & Stadtfeld, 2019; Thebaud & Charles, 2018, Nix, Perez-

Felkner & Thomas, 2017).   

 As the theoretical framework for this study notes, motivation is a complex 

process.  The influence of each of the factors within these theories may have contributed 

to the drop-off of female students from the technology pipeline.  An approach that can 

reduce or eliminate more than one of the factors could stem the flow of students from this 

pipeline and could introduce a larger, more diverse flow into the pipeline. 

Attrition rates are high in computer science and STEM-related programs, with 

historical retention issues at the college and industry level.  To solve this leaky pipeline 

problem, some researchers studied factors that may influence retention to limit the flow 

of students out of computer science and STEM-related programs.  Others researched 

ways to broaden access to computer science and STEM-related programs to increase the 

overall pipeline of computer science students.  These researchers studied the types of 

programs that might lead to the initial spark that illuminates a course pathway towards 

computer science.  A categorization of the relevant literature reviewed on broadening 

access to computer science found three areas of foci: classroom dynamics, diminishing 

stereotypes of the industry, and recruitment strategies.   
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Classroom Dynamics 

The literature on classroom dynamics mainly offers two broad suggestions on 

how to stem the flow of students out of the programs -- by using pedagogy that is 

welcoming to students from diverse backgrounds and having gender-neutral and inclusive 

decor.  These strategies have the potential to help to attract diverse students if they 

become aware of the courses, see themselves represented within a computer science 

classroom, and realize that the teachers understand their needs.   

The first retention suggestion of changing pedagogy in computer science 

classrooms can be a welcoming strategy to help students acclimate and excel in 

computing. In a two-year study at Carnegie Mellon University, Margolis and Fisher 

(2002) found that women in their study thought of computing as a means to a greater 

good to solve problems for society or as a means of practical math applications. James 

Cohoon found that changing pedagogy, creating an inclusive culture, and aligning content 

to interests of students was successful in increasing classroom diversity and retention in 

computer science (2007). Nasir, Rowley, and Perez (2016) found that collaborative 

learning contexts benefit a diverse classroom.  

One example of collaboration pedagogy is paired-programming.  Paired-

programming is a technique where two students share one workstation. Each student acts 

as the driver, actively typing or using the mouse, or the navigator, giving overall 

direction, with the pair switching roles often. Paired-programming is a popular 

pedagogical strategy in computer science, shown to increase confidence levels while also 

increasing content acquisition for female computer science students (Maguire, Maguire, 
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Hyland & Marshall, 2014). Another pedagogy example is the use of constructionism in a 

computer science classroom.  Constructionism combines constructivism with 

manipulative materials such as those found in a makerspace. These materials can be 

physical manipulative materials with circuits or block-based computer languages, which 

allow students to construct a tangible object.  Constructing tangible objects allow students 

to construct mental models to understand the world.  Constructionism is a theory and 

pedagogy developed by Seymour Papert (1980, 1987).  Block-based programming 

languages allow students to create computational artifacts that are personally relevant 

with less programming language knowledge.  Building from Papert’s Logo programming 

language, block-based languages are for students new to computer science and can help 

them develop the underlying algorithm thought processes that structure programming 

success (“AP Computer Science Principles,” N.D.).  Strategies that use 

deconstructionism, such as code tracing and finding intentionally placed bugs in code, 

can also be advantageous in computer science classrooms (Griffin, 2018), situating the 

learning within the context of relevant skills and aligning with student interests.  

The second retention suggestion within classroom dynamics is to have inclusive 

decor.  Ambient identity cues, such as gaming or sci-fi posters, can signal to non-gaming 

enthusiast female students that they do not belong in a computer science classroom. 

Gender-neutral and inclusive decor allows students to see themselves in the classroom, 

literally, if using a genuinely inclusive strategy of including photos of women in 

computer science.  In a study on the stereotypicality of groups, Cherynan, Plaut, Davies, 

and Steele found that altering the classroom decor away from a masculine centered decor 
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increased a feeling of belonging in the field for female students (2009). Researchers at the 

University of Virginia offer a Tapestry Workshop, funded by the National Science 

Foundation.  This three-day workshop focuses on student engagement. It provides tips for 

broadening access to female and underrepresented minority students by using hands-on 

activities and proven pedagogy for teaching computer science.  Recommended within this 

workshop is for participants to redecorate the classroom to be gender-neutral (Cohoon, 

2013).   

The recommendations on inclusivity pedagogy, decor, and decreasing the 

stereotypicality of computer science classrooms may not necessarily attract a more 

diverse computer science student. Still, these recommendations could help to retain those 

that choose to take a course.  

Diminishing Stereotypes 

 There are pervasive negative stereotypes of the type of person employed in the 

computer science industry and other negative stereotypes of industry culture and 

workplace norms.  These stereotypes are detractors for students that do not fit those 

stereotypes or cultural milieu.   

 A pervasive stereotype is that a computer science industry professional is a 

solitary, male geek who spends all of his time in front of a computer, making video 

games that have little impact on the world’s problems and has little interaction with other 

people. Rosenblum, Ash, Dupont, and Coder found that “women who view IT careers as 

being solitary would be more likely to avoid them” (2009, p 12) and concluded that 

“Correcting these common misperceptions ... is likely to be an important element for any 
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policy solutions to ultimately be effective in creating greater gender diversity in IT” 

(2009, p 15).  These negative and incorrect associations can lead to less informed 

decisions and can dissuade girls from considering the field (Wang, Hong, Ravitz & Ivory, 

2015). 

 Immersive workshops for students can help debunk the negative stereotypes, 

especially if the organizers are mindful of using example code and projects from 

industries outside of the gaming industry, and students see the examples as helpful to 

others.  Stereotypes also diminish if the presenters are women or people from 

underrepresented groups (Graham & Latulipe, 2003).  

 Both ideas of alleviating stereotypes and making the educational space more 

welcome are beneficial and necessary to retain a more diverse computer science student. 

Bearing in mind the Herzberg hygiene factors on satisfaction and dissatisfaction (Everard 

& Burrow, 1996), eliminating erroneous computer science stereotypes and having 

inclusive décor would not make a computer science classroom satisfying, but their 

presence would be considered dissatisfying. It is not enough to make the classroom 

welcoming, but to not do so would be detrimental. Allowing the negative stereotypes to 

exist also does a disservice to the Black or non-white persons of color and female/non-

binary individuals currently working in the industry. Eliminating these negative factors is 

also supported by the Expectancy-Value model in that this cultural milieu will influence 

the child’s perception and interpretation of the experience. Eliminating these negative 

factors will help retain those currently underrepresented but recruiting more individuals 

to computer science is necessary.  Attracting new students relies on successful 
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recruitment strategies, which is the third and final category of research on broadening 

access to computer science.    

Recruitment Strategies 

Approximately 30% of female computer science college students state that a high 

school programming course was a determining factor in deciding to major in computer 

science (Margolis & Fisher, 1997). As noted earlier, course and career decision timing 

occurs between the ages of eleven and thirteen. It is reasonable to suggest that reaching 

students prior to high school age will be a determining factor in high school course choice 

and broadening interest in computer science.   

Industry and education advocates have implemented various recruitment strategies 

with some success in areas of career awareness, which can bring about an initial spark of 

interest. These strategies have included a focus on video games, a new AP course, a 

global online initiative, and out of school experiences.  Some of the strategies have 

increased interest without increasing diversity, while others have had no follow-up 

studies on whether the short-term interest develops into a long-term interest. A successful 

recruitment program to solve the gendered participation gap will spark interest with a 

diverse group of students and develop into a long-term interest and subsequent selection 

of the field as a course of study.     

As many current computer science students become interested in the subject 

through video game playing, studies investigated using a strong focus on gaming to 

increase diversity and increase the pipeline of computer science students. The researchers 

found an increase in the number of students who arrive through the pathway of video 
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game playing, but these programs continue to attract a less diverse type of student and do 

not attract female students (Rursch, Luse & Jacobson, 2010).  

The number of students taking the new APCS Principles (APCSP) course has seen 

a dramatic increase (The College Board, 2018a), with the APCSP course bringing in 

more diverse groups of students to computer science (“Number of Females,” 2018). 

APCSP is an entry-level high school course specifically designed to broaden access and 

interest in computer science.  This new course helps expose students to computer science, 

as the AP designation on the course attracts students interested in rigorous courses and 

most schools offer a GPA boosting incentive for students taking AP courses. Although 

2018 was the third year of the APCSP course, there are not yet commensurate numbers of 

students selecting the APCS course afterward.  APCS is a closer analog to a computer 

science major course than is APCSP and is also more closely aligned with computer 

science at the collegiate level (The College Board, 2018b; The College Board, 2018c). 

The Hour of Code initiative is also helping to increase awareness and spark 

interest in computer science. The Hour of Code is an online initiative started in 2013, 

designed to get students interested in computer science from an early age. Held during the 

first week of December, it has had a meaningful impact and has increased the number of 

students exposed to computer science (Phillips & Brooks, 2017).  The long-term impact 

of this initiative is not yet known.    

 Requiring computer science as a graduation requirement, which many states have 

implemented (“Promote Computer Science,” 2017), is the most equitable approach.  A 
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graduation requirement would expose all students to this field, but this approach is mired 

in political and logistical issues and depends on individual state legislative action.  

Another idea that may also spark interest and increase participation in high school 

computer science courses is after-school programs.  After-school programs show promise 

for teaching CS skills that would lead to an increased expectancy of success in the 

computer science field and can increase the student’s view of the value of computer 

science.  After-school programs may contribute to a lasting influence on course and 

career selection.  This lasting influence is needed to decrease the attrition rate to fix the 

“leaky pipeline.”  While there is also a need to find the motivating factors for students to 

persist in these college programs, what drives this current research is the question of how 

to broaden access and interest to join that pipeline for underrepresented groups, including 

female students.   

Broaden Access Using Out-of-School Programs as a Guide  

 Most out-of-school and after-school programs are active, hands-on approaches to 

education.  In a study of broadening access to STEM fields through out-of-school 

programs, Laura Huerta Migus compiled a list of the successful strategies used within 

effective after-school programs.   These programs successfully engaged the diverse 

learners that are currently missing in most computer science and engineering courses 

(2014). This list includes learning that is:  

• Hands-on, inquiry-based, and open-ended 

• Content is relevant to youths’ lives and experiences 
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• Provides tangible technical skill-building 

• Grounded in building positive peer relationships 

• Offered on a long-term basis (not a single event) (Migus, 2014, p 11).  

Out-of-school and after-school programs also tend to include collaborative and 

social activities to keep students engaged.  There is a large body of work supporting 

collaborative educational environments in certain situations.  Lev Vygotsky (1978) 

believed that students perform at higher intellectual levels when collaborating within 

groups. Dr. Anu Gokhale found that students achieve higher scores on critical thinking 

tests after using collaborative learning than those studied individually (1995). Although 

these studies are supportive of an after-school program, and after-school programs 

support the pedagogy needed for an inclusive computer science program, some studies 

show that this type of format may not be ideal for broadening access to STEM fields for 

all students.  After-school programs are not a permanent part of the curriculum, meet the 

needs of only a small portion of learners, and only teach a small portion of course 

content.  They also typically attract those already interested in computer science 

(Repenning et al., 2015).  

Shah et al. (2013) provided a framework for equitable computer science teaching.  

The framework includes rich content, quality instruction, peer relationships, and 

identities as a computer scientist.  This framework provides a model for educational 

providers to use for after-school programs.  
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In their 2016 study of an after-school program, Mouza, Marzocchi, Pan, and 

Pollock used the Shah et al. (2013) framework.  Indications from their findings suggest 

that the after-school program allowed for significant computer science knowledge and 

computational practices.  Their study also showed no significant difference between boys 

and girls in their attitude toward computing at the time of the study. Although the after-

school program showed that students could successfully learn computer science concepts 

in an equitable after-school program, a need exists to study if participation in an after-

school program will have a lasting effect to motivate toward particular fields for student 

course and career choices.   

Motivation Theoretical Framework 

Motivation is a complex process with a variety of theories to explain the 

influences on choice. Given that the acquisition of gendered assumptions occurs before 

high school and taking a computer science course in high school has been shown to 

contribute to continuing on a computer science career pathway, having an influence on 

underrepresented students early in their schooling is indicated.   

Gender and race differences in career choice have been studied over many years.  

The Eccles’ expectancy-value theory is a comprehensive approach to studying the factors 

that underlie academic motivation and career choice.  Within this model, there are two 

categories of motivation factors, expectancy for success, and subjective task value 

(Peterson & Hyde, 2014).  This established viewpoint on motivation, the expectancy-

value theory, posits that an individual’s expectation for success on an activity and the 
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extent to which they value that activity can explain their choice, perseverance, and 

execution of the activity (Eccles & Wigfield, 2000).  The subjective valuation of the task 

is broken down into four dimensions.   These four dimensions are Utility value, or 

perceived usefulness of the task; Intrinsic value, or personal enjoyment of the task; 

Attainment value, or how well does the task fit with the identity of the individual; and 

Cost value, or how much time does the task take from other activities or what is the cost 

of negative peer response (Eccles & Wigfield, 2000).  As this valuation is subjective, 

individuals and groups will place different values on the subject matter at hand (Denner, 

2011). 

In a study specific to computer science and the expectancy-value model, Denner 

found that the Eccles’ expectancy-value model supported students’ valuation of computer 

science but did not find support for the expectation for success.  Rather Denner found that 

parental support brought a higher relevance rating and greater technological curiosity 

(2011).  The Guzdial et al. (2014) and Shah et al. (2013) studies showed that helping 

students develop positive attitudes toward computer science and identify as being capable 

of computer science is important for broadening participation in computing.  In a 

literature review of educational and career differences in STEM choices, using the 

Eccles’ expectancy-value as a theoretical framework, Wang and Degol (2013) found 

most STEM career choice studies focus on educational and enrollment experiences in 

college, even though career aspirations appear in late childhood and early adolescence.  

They also recommend studying field distinctions in STEM to present a clearer picture of 

gender decisions in education and career paths. 
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While using the expectancy-value theory as a framework on a study using the 

2009 High School Longitudinal Study, Andersen and Ward (2014) found that for Black, 

Hispanic and White top-achieving students, STEM value was predictive of STEM 

persistence, but that the value variable operated differently for the three groups. Each 

group, Black, Hispanic, and White, had variations in levels of each value within the 

dimensions. This study found the need to improve science identity and awareness of 

science and math utility for the underrepresented groups.   

While also using the 2009 High School Longitudinal Study, Gottlieb found that 

the expectancy-value construct was consistent for a wide variety of STEM careers, but 

depending on the definition of STEM careers, it differs by gender (2018). Much of the 

Gottlieb study's focus was on STEM-related careers that had varying levels of 

requirements than a four-year degree.  This study also found that value was significantly 

related to STEM career aspirations for White students, but there were fewer relationships 

between the expectancy-value constructs and STEM career plans with Black and 

Hispanic students.  This study also cast doubt on the classification of high school course 

choice as achievement-related choices. 

As the literature shows that student retention improves with decreased negative 

stereotypes and improves with inclusive classroom dynamics, this expectancy-value 

theoretical framework should support students' enjoyment of the after-school program.  

The expectancy-value model should also support the after-school program's long-term 
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influence on high school computer science course choice and career pathway choice in a 

STEM field.  

Summary 

Quality after-school programs can increase knowledge and skills in computer 

science and have shown an increase in student interest in computer science at the time in 

which the students participate.  We do not yet know if these programs are a means of 

igniting a lasting spark of interest in computer science, especially for those from 

underrepresented groups.  We also do not know if this type of program can be a source of 

motivation for participants to pursue computer science in high school and beyond. 

Therefore, this study focuses on whether an after-school STEM-oriented program in a 

suburban district in the southeastern Pennsylvania region sparked a long-term interest in 

computer science. The study investigated whether participation in the after-school 

program influenced student choice of computer science courses in high school, and 

whether the influence is different depending on the gender or socioeconomic status of the 

participant. Although this District has been running the program for over six years, the 

program's data have not been analyzed to ascertain the impact on the district students' 

course and career choices.    

Raising student interest and broadening access to the computer science field to a 

more diverse group of students will benefit the individual students and may have 

additional benefits for the country's economic situation.  Having students participate in a 

STEM-focused after-school program may have an impact on raising student interest in 
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the computer science field.  All STEM fields need computer science skills.  Fostering 

these skills early in a child’s education can help recruit and retain a more diverse group of 

students.  If after-school STEM programs can increase interest in the computer science 

field, this may be a viable approach to decrease the diversity gap in high school computer 

science courses.   
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CHAPTER 3 

METHOD 

Overview 

Motivation, specifically achievement motivation such as career choice, is a 

complex process, not a single cause-effect relationship.  The motivation to take a 

computer science course in high school and pursue a computer science career will 

involve more factors than mere participation in an after-school program in elementary or 

middle school.  The totality of motivational factors for these achievement-related choices 

is beyond this study's scope, but the theoretical framework for this study focuses on a 

model based upon the broad categorization of achievement motivation factors.   

If the after-school program is a good fit with this model, then participation in the 

after-school program will affect participants’ view of themselves in a computer science 

course, will change the view of the value of computer science, and will increase ability 

and perception of how they feel they can perform in a computer science course and 

career.  

After-School Program background 

 The after-school program, which is the focus of this study, is an optional seven-

week program offered for a fee at the District's elementary and middle school levels.  A 

District-affiliated non-profit education foundation (Foundation) coordinates the after-

school program.  Although the program runs primarily at the elementary level, with 

additional sessions at the middle school level, the program employs District teachers 
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from all three educational levels, including elementary, middle, and high school.  Specific 

session offerings have changed and expanded over the years of implementation and have 

included Forensics, Cooking with Science, Programming, and Robotics.   

 The program uses a constructionist approach focusing on hands-on, collaborative 

activities meant to garner interest in STEM courses and careers and foster a growth 

mindset.  The fee for this extension activity is $150.  Need-based scholarships are 

available to students of limited means.  Qualification for a scholarship is dependent upon 

participation in the free and reduced lunch program.  The Foundation does not check the 

families' status when they apply for a scholarship; scholarships are awarded automatically 

upon request (J. Fenn, personal communication, July 31, 2020).  

 Within the sessions used in this research, all use block-based languages within the 

student activities.  A block-based language is one in which the students build the 

program's algorithm using drag-and-drop blocks, which provide a means of coding 

without having to know the syntax of a text-based language such as Java or C++.  Snap 

and Scratch are examples of the block-based languages used within the after-school 

program. The after-school engineering sessions have used Lego Mindstorms®, a robot 

building activity with a block-based language for students to solve problems using 

computer science with robots. The iterative nature of computing, engineering, and 

problem-solving helps to build the cognitive pathway to knowledge.  Digital tools, such 

as robots and coding, have been shown to bring about transformative thinking, including 

computational thinking (Blikstein, 2013; Martin, 2015).  The use of a block language 
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allows students to create more complex projects than they would be able to with a text-

based language. Students have also shown a higher interest level in future computing 

courses using block-based languages (Weintrop & Wilensky, 2017). This type of 

program should increase developmental coding and algorithmic skills, giving the 

participant an expectation of future success.  It is possible that this type of program also 

instills an increase in the value of the content subject with the participants.   

 In the early years of the programming sessions, the students used the block-based 

programming language Scratch to build computer programs to tell stories and make 

games. The first activity was to animate a story introducing themselves.  Activities such 

as these that indicate the relevance of the subject help to support the perceived value of 

the studied content (Eccles, 2009; Hartwell & Kaplan, 2018).  Subsequent activities 

included simple video game design and music generation. All of the projects had students 

developing a series of algorithms with the program blocks to build their programs.   

 In later years, the program used a pre-formed robot called the Finch® for the 

middle school sessions.  The students used the robot to visualize their programs, which 

included using the robot's accelerometer to code a Simon type game and programming 

the robot to draw.   

 In the robotics sessions with Lego Mindstorms®, the students worked 

collaboratively to build a robot and then programmed the robot using a block-based 

language.  The students then needed to solve problems, such as programming the robot to 

autonomously drive through a maze, follow a black line on the floor and push blocks to a 
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particular location.  These were all hands-on activities, building algorithms iteratively to 

solve the given problem.   

 The after-school program grew through the years with updates and additions to 

the curriculum offerings.  At the time the data for this dissertation were collected, 

sessions were also available in grades one and two and were occasionally available in 

grades seven and eight, depending on teacher availability and student interest.  The 

Scratch programming sessions had a beginning and advanced level of coding.  Additions 

to the program also include new robots and hardware, increasing student skills, creativity, 

and enjoyment.    In all of the after-school sessions, the student tasks increase their STEM 

skills in a creative and collaborative environment.  The activities are hands-on and 

designed to allow students to enjoy using and learning about technology.   

Participants 

 Potential study participants were those that participated in the after-school 

program and were listed in registration data for the program.  When this after-school 

program began in the summer of 2014, district elementary students in grades three 

through six had choices of Engineering, Programming, Robotics, and Forensics.  This 

program grew over the years with expanded session offerings for students in first and 

second grade and new programming sessions added for students in grades seven and 

eight.  In recent years, this included programming with educational pre-formed robotics 

dedicated to programming rather than engineering so that students do not need to build 

prior to programming.   
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 Although the after-school participants gained some programming skills in the 

Robotics sessions, this study only included the programming sessions, including the 

sessions from the early years and the later years that used the pre-formed robots.  

Although the programming languages used in the Robotics sessions were very similar to 

those used in the Programming sessions, the addition of building a robot in the early 

years of the program was outside of a typical computer science experience.  The students 

would not have gained as many computer science skills as the students within the 

Programming sessions.  Limiting the amount of computer science skills learned may have 

prevented the robotics students from forming an expectation of success with their 

computer science skills.  The Robotics sessions also may not have contributed to an 

increase in their valuation of computer science, as computer science and programming 

were not the focus of those sessions.  As such, I deemed the Robotics sessions 

inappropriate for inclusion in the study. The Science sessions did not include any 

programming and were also not included in the study. 

The registration data made available to me were for all students and all sessions 

for the time frame of summer of 2014 to the spring of 2017 and totaled 555 individual 

registrations, with some students participating in numerous sessions and in numerous 

years.   

Data collection for this study occurred during the summer of 2020.  Study 

participants were limited to those in grades nine, ten, eleven, and twelve for the 2020-

2021 school year to study the program's long-term influence on high school course 
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selection.  The initial process of cleaning the data for only those that participated in 

programming sessions brought the potential participant pool down to a total of 305.  

Further data cleaning eliminated those that would not be in high school as of the time of 

data collection, given their grade level at the time of program participation and their year 

of participation.  This data cleaning left a total possible participant pool of 283 students.   

 Given that most high school students are below the age of consent and the age of 

each of the students within the possible participant pool was unknown, parental 

permission was sought prior to student contact.   

With social distancing and COVID-19 restrictions at the onset of this study, 

parental consent had to occur without direct physical contact.  Distance learning had been 

in effect in this District for most of the fourth marking period of the 2019-2020 school 

year, including the after-school program's summer session.  Initial contact with the after-

school participants' parents was made through cold-calling the registrant list starting in 

mid-July 2020. During data collection, stay-at-home, telecommuting, and the 

uncertainties surrounding a global pandemic contributed to a very stressful time for most 

families.  Combined with an election year and families already getting numerous cold 

calls from political groups, it is disappointing but not altogether unsurprising that the 

response rate was quite low.   

I called the family of each of the registrants, phoning during the afternoon and 

early evening hours on weekdays and weekends, making notes on each contact attempt 

for the list of 283 registrants.  There were very few family contacts that answered the 
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phone. Voice mail messages were left when available.  Three contacts returned the phone 

call, and one responded with a text.  

Twenty-six phone numbers were not in service, or that individual no longer used 

the number.  Twelve parents reached said no to consent.  Twenty-one phone numbers 

were for duplicate registrations or students that participated in the program for more than 

one session.  After multiple phone contact attempts, I obtained fifty-one digitally signed 

parental consent forms through a Google Form.  Email invitations and follow-up emails 

were sent to students with parental consent, resulting in 26 student participants (Figure 

3.1).   

Setting 

The study participants were 26 current high school students that participated in 

the STEM-oriented after-school program in elementary or middle school.  The District in 

which they attended school is in a suburban area in southeastern Pennsylvania. These 

students participated in any of the programming sessions from 2014 to 2017.  They 

currently are in grades nine, ten, eleven, and twelve in one of the three district high 

schools. They participated in the after-school program while in grades four through eight 

and may have participated in more than one session and in more than one year.   

The published demographics for this District include a population that is 90.3% 

White, 3.1% Black or African American, and 5.2% Asian.  Within these statistics, 97.5% 

are not Latino or Hispanic (Proximity, 2019a). Fifty-three percent of the population has 

attained a college degree (Proximity, 2019b).  Economic characteristics of the population 
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include 23.1% with incomes between $100,000 and $149,000, and 13.6% with incomes 

over $200,000.  Fourteen percent earn less than $35,000 per year (Proximity, 2019c). 

  
Figure 3.1 Sample Size Flow Chart 

The District services approximately 12,000 students in grades Kindergarten 

through grade twelve.  With a graduation rate of 98%, the three high schools rank among 

the highest both nationally and within the Commonwealth of Pennsylvania (Kim & 
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Goldberg, 2016). This District has two comprehensive high schools, A and B, and a 

magnet school, C.  Demographic data on the three schools are noted in Table 3.1. 

Table 3.1  

Demographic Data 

 School A School B School C 

Gender 48% F, 52% M 46% F, 54% M 54% F, 46% M 

504 3.12% 2.68% 2.21% 

Gifted 2.84% 1.91% 4.6% 

IEP 17.33% 24.08% 1.97% 

Title III .56% .70% 0% 

Race     

White 83% 90% 70% 

Black 4% 6% 2% 

Hispanic 1% .4% 0 

Asian or Pacific Islander 11% 4% 27% 

Mixed Race (only reported at C)   .8% 

Note: Data sourced through a district data tool, EdInsight by OnHand Schools 

 Table 3.2 shows enrollment data from the Public-School Enrollment Reports 

(2020).  These data are for the three District high schools for the years 2017 through 

2019. Data for the school year 2020-2021 are from the District Child Accounting Data 

spreadsheet (2020).  
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Table 3.2  

Enrollment Data 

School Year School A School B School C 

2020-2021 1730 1816 855 

2019-2020 1720 1736 825 

2018-2019 1749 1646 819 

2017-2018 1789 1563 815 

 

 

Instruments 

 The instrument utilized in this study was a researcher-designed survey created 

using Google Forms and distributed through email after obtaining parental and 

participant consent.  The survey consisted of twenty-four questions (Appendix A). There 

was one question for student consent, which was separate from the study survey. Within 

the study survey, there were four questions on student demographics, three questions on 

out-of-school experiences, and 15 questions on the students’ reflections on the after-

school program experience.  These 15 reflection questions allowed the participants to 

express their level of agreement with the statements using a Likert-scale format.  Two 

different Likert-style scales were used, one with “Definitely Yes,” “Possibly Yes,” 

“Possibly No,” and “Definitely No” and the other with choices of “To a large extent,” 

“To a moderate extent,” “To a slight extent,” and “Not at all.”  Without a neutral option, 

these four-point scales force the user to form an opinion, reducing desirability bias 
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(Garland, 1991). One last question was open-ended for students to add any information 

they deemed necessary to share about the after-school program.  Being digital, students 

were able to complete the survey at their convenience.  As the survey was anonymous, it 

was not entirely possible to find if a participant completed the survey more than once.  

Upon reviewing the data, I identified three responses with identical answers and close 

timestamps, along with two responses with identical answers to one other response.  

Deeming these five sets of responses to be duplicate and triplicate submissions, the 

analysis excluded these submissions.  The Google Form automatically collected the 

responses.  Once data collection ended, the link to the form was severed.  The data were 

compiled into a spreadsheet and downloaded onto the flash drive media device kept in a 

locked container in my home office.  With all parental and participant contact being 

through email, telephone, and through a digital collection form, I and all participants 

complied with social distancing rules set by the Commonwealth of Pennsylvania.   

 This study also incorporated a quantitative data analysis using a District data 

repository to compare the study participants and the general population and the likelihood 

of taking a computer science course.  Custom queries determined the total number of 

students that registered for a computer science course in high school.  

 The District used a different data repository before the 2020-2021 school year, 

named EdInsight, which housed many historical course selection data years. In the 2019-

2020 school year, the District began using a different grading management system, 

named Infinite Campus, and transitioned historical course selection data to the grading 
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management system.  In the school year 2020-2021, the district began using a new data 

repository system named Illuminate.  The District transitioned the historical course 

selection data into this new system from Infinite Campus.  Due to loading issues with the 

historical course selection data into Infinite Campus from EdInsight, computer science 

course selection data from the grade 11 and 12 students in the school year 2017-2018 

were not available (K. Byrne, personal communication, October 5, 2020).  This missing 

data result in a lower accounting of students from the general population taking computer 

science courses for that year.  These students would not have been in the participant 

group, as they graduated in 2018 or 2019. 

Validity and Reliability 

 To address validity and reliability, I used feedback from students who participated 

in the AP Research course during the school year 2019-2020.  These students did not 

participate in the after-school program and evaluated the survey's readability from a 

student perspective.  These volunteers provided vital feedback on the questions' wording 

and gave feedback on question improvements to be better understood by the participants.  

Generally, students suggested a slightly less formal tone, and specifically, they suggested 

removing multiple instances of “Thinking back to your” within some questions to simply 

“During.”  They also suggested changing the open-ended question, which included 

“about course and career choices as it relates to the after-school program” to only “about 

the after-school program” to become less direct and more open to allowing the 

participants’ full reflection on the program.     
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Measures  

 There are two main research questions in this study.  The first question, “Does 

participation in an after-school computer science program increase the likelihood of 

taking computer science courses in high school?” has one sub-question, particular to 

gender.  This question and sub-question were answered using the data warehouse tool and 

a chi-square goodness of fit test using a two by two contingency table. An increased 

likelihood of taking a computer science course due to participation in the after-school 

program would indicate an increase in both the valuation of the subject matter and an 

increase in the students’ perception of their expectation of future success in the subject 

matter.  

 The second question, “Do students perceive that participation in the after-school 

computer science program supported a subsequent interest in a college computer science 

or STEM major?” along with the two sub-questions on college and career choice, was 

answered using the participant survey data.  The participants’ survey answers indicating 

an interest in continued study of the subject matter within the after-school program would 

indicate an increase in their expectation of success and their increased perception of the 

content matter's importance or value. 

 The survey data analysis looked for patterns relating to the motivations for 

choosing computer science courses in high school and college using quantitative methods 

of analysis, including distribution analysis and comparison of percentages of answers on 

the non-parametric data from the survey.  Chi-square goodness of fit tests were also 

calculated along with effect size to answer the second research question and sub-
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questions. The relationships between pairs of survey questions were also tested using 

correlation coefficient calculations.  All statistics were calculated with an alpha of .05. 

 

Research Design 

 This study employed a quantitative research design using a data warehouse tool 

and survey data from the participant responses. Participants were attained through the 

registration data received from the Foundation.  This study attempted to understand the 

influence of an after-school program on computer science course and career selection.  

The purpose of this study was to further our understanding of influences on students and 

their course selection decisions to shrink or eliminate the gendered participation gap in 

computer science. This type of study may serve districts with demographics similar to 

this District and have similar administrative goals with similar support for computer 

science and technology education.    

Procedures 

 The Foundation collects family contact information for program operation 

purposes upon registration in the after-school program.  Registration data from the 

summer of 2014 to the winter of 2017 were made available to me.  Supplied by the 

Foundation was registration information in an Excel workbook.  This information 

includes columns for parent and student names, home phone number, student grade at the 

time of registration, and session choice. The Excel workbook's information is within 

individual spreadsheets on separate tabs organized by year and season of the session.  For 
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example, one spreadsheet tab was registration data from the fall of 2015.  Individual line 

items within the spreadsheets contained registration information from one family 

registrant.  If the family had a second or subsequent student registration for an additional 

child, there was a second line of registration information for that child with the same 

family contact information.  Within the spreadsheet, the session choice is also specific to 

the session's location, which is usually the school of attendance for the student.     

 After cleaning the data, I initiated phone calls to each family unit.  A short 

explanation of the study and a request to return the call was left on voicemail or with any 

family member that answered the phone.  When contact was made through either a 

returned call or when answering a researcher initiated call, the study was explained, 

questions were answered, and if parents thought they would agree to consent, an email 

was sent with the IRB approved parental consent form. Within the parental email was a 

link to a Google document to digitally sign their consent.  Once I received the digitally 

signed consent form, the student was sent an invitation through email to ask them to for 

their consent to participate.  The participants were provided with a link to a Google form 

to sign before completing the survey digitally.  The consent form was the first question 

before the survey.  Students who electronically signed the consent form were the only 

students permitted to complete the survey.  There were 26 study participants.     

 Quantifying the computer science course registration data utilized a District data 

warehouse tool.  Customized queries were created within the database to gather a count 

of computer science course registrations for the student participants and the general 
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population. The data ascertained through the queries were then statistically analyzed 

using a Chi-square goodness of fit test using a bivariate table within the spreadsheet 

software.  

 A nominal incentive of a chance to win one of six $25.00 Wawa gift cards, two 

cards per high school, was offered to those that completed the survey. There was a 

separate link at the end of the survey questions to open a separate form to enter their 

personal information.  This separation maintained the anonymity of the survey data, as 

the personal information remained separate from the survey responses.  The personal 

contact information requested in the separate form included name, email address, and 

school of attendance for each student that wished for consideration to win a gift card.  

Random numbers generated using a Java program picked the gift card winners.  The 

program was run twice for each school, with each gift card being sent electronically to 

the participant winners. 

Summary 

 There was a two-fold purpose for this study.  One purpose was to determine if 

participation in the after-school program increased the likelihood of taking computer 

science courses in high school and if there was a difference in the rate for gender. The 

other purpose was to determine if students’ experience in the after-school program 

supported a subsequent interest in computer science and what other activities they 

perceived to be influencing their career interests.  Subjects were all participants in an 

after-school program and included 26 survey respondents.  The study participants were 
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from one of three high schools in a district in southeastern Pennsylvania.  Each school 

shared similar demographics and achievement levels, with only slight variations between 

the schools.  Data were collected quantitatively through a digital survey and a data 

warehouse tool.  The results were compiled and interpreted to discern patterns of 

influence on computer science course and career selection.  
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CHAPTER 4 

RESULTS 

Overview 

 The data collected for this study were used to determine influences on student 

motivation for computer science course and career selection for students that participated 

in an after-school program.  The data examination presentation is ordered based upon the 

order of the research questions and was analyzed to identify trends, similarities, and 

differences.  I used two different modes of data collection for this study.  The first mode 

used publicly available data and a data repository available through the District to answer 

the first research question.  The Public School Enrollment Reports for each of the years 

of current participant enrollment (2020) served as the source for students' total population 

at each high school. Course selection information from a District data repository 

completed the necessary data to calculate a chi-square test statistic to answer the first 

research question and sub-question.     

 The second mode of data collection was through a researcher-developed survey 

instrument.  The survey responses were from students that participated in an after-school 

program in a public school district in southeastern Pennsylvania.  The survey asked 23 

questions on student demographics, student out-of-school experiences in computer 

science, and student reflections on the after-school experience.  Out of the cleaned data 

listing of 283 after-school registrants, I received 51 digitally signed parental consent 

forms, representing an 18.02% response rate.  Twenty-six after-school participants 
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completed the survey, representing a participant response rate of 50.98% for those who 

received invitations to participate, but an overall response rate of 9.18%.  Students from 

each of the three high schools in the District responded to the survey invitation.   

Sample Size and Effect 

With the low response rate and very small sample size, this study had very low 

power and a severely reduced chance of detecting a true effect.  Effect sizes have been 

noted on the statistical tests.  When there is a significant finding, the effect size would tell 

if that significance is meaningful.  

Study Results 

 There are two overarching questions in this research, the first research question 

has one sub-question, and the second research question has two sub-questions. The first 

research question and sub-question are: 

1. Does participation in an after-school computer science program increase the 

likelihood of taking computer science courses in high school? 

a. Of the students who participated in the after-school program, are there 

gender differences in the computer science course choice rate in high 

school? 

Influence on High School Course Choices 

 Course selection data collected through custom queries to a District data 

management program informed this analysis. Out of the 26 study participants, 12 students 
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took a computer science course during at least one of their high school years, 

representing 46.15% of the participant group.  Of those 12 computer science participant 

students, nine are male, and three are female.  The female students represent 25.00% of 

the students that took computer science within the study participant group (Table 4.1).  

Table 4.1 

Student participant rate of computer science course selection 

Student participants Male Female Total Total % 

Have not taken a computer science 
course 6 8 14 53.84% 

Have taken a computer science course  9 3 12 46.15% 

Total 15 11 26  

   

 The number of participants that took a computer science course varied over the 

four years, ranging from a low of 3.85% of the participant group in the 2018-2019 school 

year to a high of 19.23% in 2019-2020.  The participation rate per year is shown in Table 

4.2. 

 The research question asks if there is a difference between the general high school 

population and the study participants in their computer science course selection rates.  A 

chi-square goodness of fit test was used to determine if there was a significant difference 

between these groups.  As a student participant might choose a computer science course 

during any year in their high school career, as shown in Table 4.2, the chi-square test was 

calculated based upon the totals over four years for the general population and that of the 

participant group.  Table 4.3 shows the total population data for each year.  The study 
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participants' average computer science course selection rate is 46.15%, compared to the 

6.8% course selection rate for the general population.  Results indicate a significant 

difference between the study participant rate of taking a computer science course and that 

of the general population, X2 = (1, N=26) = 61.80, p < .05.  The phi coefficient of .06 

suggests a small effect. 

Table 4.2 

Participant rate of computer science course selection by year 

School Year 
Number of participants 

taking a computer 
science course 

Percentage of the 
participants taking a 

computer science course 

2020-2021 2 7.69 

2019-2020 5 19.23 

2018-2019 1 3.85 

2017-2018 4 15.38 

Note: N=26 
 

 

 The missing 2017-2018 school year data noted in Chapter 3 would have increased 

the total count of computer science students for both that year and the overall number of 

students from the general population taking a computer science course.  A larger number 

of students in the general population taking a computer science course would have 

resulted in a lower chi-square value.  
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Table 4.3 

General population rate of computer science course selection 

School Year High school 
population 

Total population 
taking a computer 

science course 

Percentage of the 
population taking a 
computer science 

course 

2020-2021 4445 387 8.71 

2019-2020 4281 358 8.36 

2018-2019 4214 274 6.50 

2017-2018 4167 161 a 3.86 

Note: Data sourced through Illuminate, a District database program 
aCourse selection data are missing for students in grades 11 and 12 for this school year 

  

 The chi-square test calculated for differences in the likelihood of choosing a 

computer science course when accounting for gender also used totals over four years.  

The average percentage of female students in the general population choosing a computer 

science course over the four years ranges from 22.48% to 26.71% (Table 4.4).  Twelve of 

the 26 study participants selected a computer science course in high school.  Out of that 

12, three female students selected a computer science course, which represents a rate of 

25.00%, shown in Table 4.5.  The chi-square test of goodness of fit results show a 

significant difference between the female selection of computer science within the study 

participants in relation to that of the female students in the general population, X2 = (1, 

N=12) = 19.27, p < .05.  The phi coefficient of .05 suggests a small effect. 
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Table 4.4 

Total population taking a computer science course 

School Year Male Female Total 

% of female 
students taking 

computer 
science  

2020-2021 300 87 387 22.48 

2019-2020 276 82 358 22.91 

2018-2019 210 64 274 23.26 

2017-2018 118 43 161 26.71 

  

Table 4.5 

Study participant group taking a computer science course 

 

Male Female Total 

% of female 
students taking 

computer 
science 

Participants who have 
taken a computer science 
course 

9 3 12 25.00 

Note. N = 26 

Influence on LongTterm Interest  

 Participant survey data informed the answer to the second research question and 

the sub-questions, which gathered information about the after-school participants’ long-

term interest in computer science and their reflections on the after-school program.  The 

second research question with sub-questions are: 
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2. Do students perceive that participation in the after-school computer science 

program supported a subsequent interest in a college computer science or STEM 

major? 

a. What other computer science activities do students perceive as influencing 

their interest in computer science courses in college? 

b. Does participation in the after-school computer science program lead to a 

subsequent interest in a computer science career? 

 I completed a distribution analysis on each survey question's answers and a 

comparison of the answers' percentages on the survey's non-parametric data.  Chi-square 

tests were also calculated for much of the data, along with effect size.  Pearson 

correlations were also calculated for pairs of questions to determine if there were 

relationships between the collected data.  The data analysis organization is arranged into 

several themes that mirror the order for the research questions and the survey question 

organization.  The survey questions were grouped into sections on participant 

demographics and after-school participation data, the participants’ background with 

STEM-related out-of-school experiences, the participants’ plans for college courses, 

college major and career plans, and their reflections on the after-school program.  The 

data analysis will follow this same organization and order.  
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Demographic Data and After-School Participation 

 Out of the 26 respondents, ages ranged from 14 to 17, with slightly more 

(38.46%) participants responding that they are 15 years old (Table 4.6). There were 16 

male respondents (61%) and ten female respondents (38%).   

Table 4.6 

Participant age 

Age Total Percentage 

14 1 3.85% 

15 10 38.46% 

16 8 30.77% 

17 6 23.08% 

Did not answer 1 3.85% 

Note. N=26. 
  

Study participants reported whether they have a relative who works in the 

computing or information technology industry and reported which relation(s).   Of the 26 

respondents, 73.08% had one or more relatives in the computing or technology industry 

(Table 4.7).  Only one of the seven participants without a relative in the industry is 

female.  A chi-square goodness of fit test on these responses shows a greater likelihood of 

the participants having a relative in the industry than would happen by chance, X2 = (1, 

N=26) = 5.54, p < .05. The effect size of this statistic is .46 which equates to a medium to 

large effect.  
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Table 4.7 

Participants with relatives that work in the computing or information technology 
industry 

Response Total Percent 

Yes 19 73.08 

No 7 26.92 

Note. N=26. 
 

 Twelve of those with positive responses to having a relative in the industry noted 

that their father was that relative (Table 4.8).  The percentage of female relatives is at 

least 34.61%.  

Table 4.8 

Type of relative in the industry 

Type of relative Mother Father Aunt Uncle Cousin 

Number of students 6 12 3 9 3 

Note. N=26. 

 As shown in Table 4.9, an additional eight students responded that they had more 

than one relative working in the industry, with one response showing five relatives in the 

industry.   

 Participants then answered general questions on their participation level in the 

after-school program.  Fourteen respondents participated in the after-school program 

once, with nine participating more than three times. This participation could have been in 

separate sessions within the same year or in sessions during subsequent years (Table 
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4.10).   The participants were active in sessions of Scratch Programming but also noted 

participation in the Finch Robotics and Mindstorm Robotics sessions.  A chi-square test 

calculation shows a significant difference between those participating numerous times 

and those that participated once, X2 = (2, N=26) = 7.00, p <.05.  The effect size of this 

chi-square statistic is .52, suggesting a large effect. 

Table 4.9 

Number of relatives in the industry 

Number of relatives 
in the industry 1 2 3 4 5 

Number of students 11 5 1 1 1 

Note. N=26. 
 

 

Table 4.10 

Number of times respondent participated in the after-school program  

Participation level Number of respondents 

Once 14 

Twice 3 

More than three times 9 

Note. N=26. 
  

Participant Background with STEM-Related Out-of-School Experiences 

 As it is possible that the study respondents also participated in other out-of-school 

experiences, which may also contribute to similar course selection preferences or career 
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preferences, students responded to questions about their other out-of-school experiences. 

Shown in Tables 4.11 are the number of out-of-school activities for this participant 

group.  Eight study participants, four of whom are female, went to a total of 14 STEM-

aligned out-of-school experiences. A majority of students (61.53%) did not participate in 

any out-of-school activities.  A chi-square test of goodness of fit calculated for these data 

shows that pattern is different than would happen by chance, X2 = (3, N=24) = 23.00, p< 

.05 with a large effect size of .97. 

Table 4.11 

Participation in any other STEM out of school activities 

Out-of-school activities  Number of participants 

None  16 

One  3 

Two  4 

Three  1 

Note. N=24. Two participants did not respond. 
 

Table 4.12 shows the number of times a respondent participated in these types of 

out-of-school experiences. For those eight that participated in other out-of-school 

activities, a slight majority did so in a computer science summer workshop with three out 

of four female students participating in the gender-specific events, called Girls Exploring 

Tomorrow’s Technology and Girls Who Code.   The chi-square calculation for these data 

do not show a significant difference than what one would expect by chance, X2 = (5, 

N=8) = 3.13, p >.05 with a large effect size of .62.  
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Table 4.12 

Participation level in specific STEM out of school activities 

Out-of-school activity Number of 
participants 

A computer science summer workshop 4 

A weekend STEM or computer science course at the CCIU or similar 
venue 3 

Girls Exploring Tomorrow’s Technology 2 

Girls Who Code event 1 

Hackathon 1 

Workshop at a college or university 3 

Note. N=8. 
  

 

Plans for College Courses, College Major, and Career 

 The next section of the survey asked participants to think forward to college and 

career plans and asked them to answer questions on college course selection, plans for 

their college major and, if they are going to study a STEM subject, which is their 

preference. Three of the four questions in this section use a four-point scale to produce 

ordinal data.  

 This section's first question asked the participants if they plan to take computer 

science courses at college.  Half of the respondents answered “Possibly No,” with another 

11.53% answering “Definitely No” for a total of 16 participants answering on the 

negative side of the scale.  Two participants (7.69%) responded with “Definitely Yes,” 

and eight (30.76%) of the participants responded, “Possibly Yes.” (Table 4.13). The chi-
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square calculation for these mostly negative answers shows a significant difference than 

one would expect by chance, X2 = (3, N=26) = 11.85, p <.05 with a large effect size of 

.67.  

The next question asked participants if they planned on computer science as a 

major area of college study.  With a count of 17 participants (65.38%), the majority of the 

participants also answered this question on the negative side of the scale, with a chi-

square of  X2 = (3, N=26) = 13.69, p <.05 with a large effect size of .72.  As computer 

science is fundamental to so many STEM subjects, the next question asked participants if 

they plan to major in a STEM subject in college.  A slight majority of fifteen students 

(57.69%) do have such plans but not to a significant extent, with a chi-square of X2 = (3, 

N=26) = 6.31, p >.05 and a medium to large effect size of .49 (Table 4.13).   

Table 4.13 

Course and major area of study at the college level 

  Definitely 
Yes 

Possibly 
Yes 

Possibly 
No 

Definitely 
No 

Do you plan to take computer science 
courses at the college level? 2 8 13 3 

Do you plan to study computer 
science as a college major 2 7 14 3 

Do you plan to study a STEM subject 
as a college major 10 5 9 2 

Note. N=26. 
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As a follow-up question to the STEM subject as a college major, participants 

noted their subject preference within the STEM fields.  Science garnered 38.36% of the 

responses, followed by 23.07% each for Technology and Engineering (Table 4.14). 

Table 4.14 

STEM subject preferences 

 
Science Technology Engineering Math Other 

If you plan to study a 
STEM subject in college, 
which is your interest area? 

10 6 6 1 2 

Note. N=26. 

 

Reflections on the after-school program 

 Participants were asked to reflect upon the after-school program.  Answers to the 

after-school reflection questions allowed for an analysis of the program and test of 

whether the program increased computer science skills.  The increase in skills would 

build an expectancy of later success in computer science and an increase in computer 

science valuation (Eccles et al., 1994).  A majority of the questions in this section are 

Likert-style with a five-point scale.  

 To gauge the after-school program's alignment with the literature 

recommendations for engaging after-school programs and to see the participants’ session 

expectations, participants chose from a list what was most important to them about the 
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program.  The majority of responses were for “Learning something new” (50.00%) and 

“Learning more about an interest” (34.61%), as shown in Table 4.15. 

 After gaining insight into their interest areas, students then answered a series of 

questions on their reflections on their after-school experience.  When thinking back on 

learning a new skill while in the program, a minority of students felt that, to a large 

extent, they learned a new skill at a response rate of 23.07%, but an additional 30.77% 

felt they learned a new skill to a moderate extent.  Only 11% felt they did not learn a new 

skill at all (Table 4.15).  Given the varied responses through the scale, there were varying 

degrees of skills acquisition, but the majority of students remember acquiring new skills 

to some extent.  

Table 4.15 

Activity deemed most important in the after-school program 

 

Learning 
something 

new 

Working 
with my 
hands 

Being 
after-
school 

with my 
friends 

Learning 
more 

about an 
interest 

Other 

During your participation in the 
STEM after-school program in 
the elementary and middle 
schools, which of the activities 
in the program would you say 
was most important to you? 

13 1 1 9 2 

Note. N=26. 
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 On the question of remembering learning a new skill, a smaller minority (7.69%) 

responded that they thought they did so to a large extent.  The majority of students 

(76.92%) responded to a moderate or slight extent that they learned a new skill, with the 

chi-square showing that these answer groupings are not different than those that would 

happen by chance, X2 = (3, N=26) = 3.23, p > .05, effect size of .35 (Table 4.16).   

Although there were, again, varying degrees of the participants remembering that 

they learned something useful, only 15.38% of the participants noted “Not at all” for 

learning something valuable or useful.  While the chi-square calculated a significant 

difference than chance, it was only slightly over the critical value of 7.82, X2 = (3, N=26) 

= 7.85, p < .05, effect size of .55. 

 After participating in the after-school program, confidence levels in computer 

science or STEM skills were relatively evenly split between the four points on the Likert 

scaling with the chi-square showing no greater likelihood for any of the answer 

groupings, X2 = (3, N=26) = .77, p > .05, with a small effect size of .17 (Table 4.16).  

The majority of respondents (54.84%) did not feel as if the after-school program 

influenced their overall high school course choices. Only 11.53% of respondents thought 

that the program influenced their choice to a large extent.  Eleven (42.30%) of 

respondents felt that the program did not influence their choice to take a computer 

science course, with 34.61% reporting the program influenced their choice to a slight 

extent.  Only 11.53% of the respondents felt that the program influenced their computer 

science course choice to a large extent (Table 4.17). 
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Table 4.16 

Useful skills acquisition and skills confidence from the after-school program 

  

To a large 
extent 

To a 
moderate 

extent 

To a 
slight 
extent 

Not at 
all 

During your participation in the after-
school STEM-related program in the 
elementary and middle schools, did you 
learn a new skill around STEM or 
computing? 

6 8 9 3 

During your participation in the after-
school STEM-related program in the 
elementary and middle schools, did you 
feel that you learned something valuable or 
useful? 

2 10 10 4 

After your participation in the after-school 
STEM-related program in the elementary 
and middle schools, did you feel more 
confident in your STEM or computer 
science skills than you did before the 
program? 

6 7 8 5 

Note. N=26. 
 

The majority of students reflected that the after-school program influenced their 

career choice to a slight extent; no respondents chose “To a large extent.”  The chi-square 

calculation on this distribution of answers was significant, X2 = (3, N=26) = 14.00, p < 

.05, with a large effect of .73.  The participants responded slightly positively to an 

interest in a computer science career (76.92%), but that support was weak, with the 

majority noting to a slight extent, which may conflict with previous responses to studying 

computer science.  The chi-square calculation on this distribution of answers was 

significant, but only three hundredths of a point over the critical value, X2 = (3, N=26) = 
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7.85, p < .05.  The answers to the question of awareness of STEM-related careers after 

participation in the after-school program, had similar responses, but a slightly more even 

distribution, with a chi-square calculation that was not significant, X2 = (3, N=26) = 5.08, 

p > .05 (Table 4.18). 

Table 4.17 

Influence on overall and computer science high school course choices 

  

To a large 
extent 

To a 
moderate 

extent 

To a slight 
extent Not at all 

During your participation in the after-
school STEM-related program in the 
elementary and middle schools, do you feel 
like the after-school program has 
influenced your overall high school course 
choices? 

3 3 6 14 

During your participation in the after-
school STEM-related program in the 
elementary and middle schools, do you feel 
it influenced your decision to take a 
computer science course in high school? 

3 3 9 11 

Note. N=26. 
 

A majority (65.38%) of the study participants responded that their computer 

science skills increased after participation in the after-school program to a large or 

moderate extent, while 23.07% responded that their computer science skills did not 

increase at all. This difference is not significantly different than would be found by 

chance, X2 = (3, N=26) = 5.08, p > .05, effect size is between medium and large at .44 

(Table 4.19).   
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Regarding a greater valuation of computer science, four respondents answered, 

“To a large extent,” and four responded, “To a moderate extent” (30.77%).  A total of 

23.07% responded, “Not at all,” regarding a higher value on computer science after 

participation in the after-school program, with a large effect size 0f .50, this also is also 

not significantly different than would be found by chance, X2 = (3, N=26) = 6.62, p > .05 

(Table 4.19).   

Table 4.18 

After-school program influence on career choices 

 To a large 
extent 

To a 
moderate 

extent 

To a 
slight 
extent 

Not at all 

During your participation in the after-
school STEM-related program in the 
elementary and middle schools, do you 
feel that the after-school program has 
influenced your career choices? 

0 4 12 10 

Does a career in computer science 
interest you 2 6 12 6 

After participating in the after-school 
program, were you more aware of 
STEM-related career 

3 6 11 6 

Note. N=26. 
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Table 4.19 

Skills and valuation of computer science after participation in the after-school program 

  

To a large 
extent 

To a 
moderate 

extent 

To a 
slight 
extent 

Not at all 

Do you feel that participating in the after-
school program increased your skills in 
computer science 

6 11 3 6 

Do you feel that participating in the after-
school program made you aware of a higher 
value of computer science? 

4 4 12 6 

Note. N=26. 
 

Relationships Between the Questions 

Pearson’s Correlation Coefficients were calculated to test relationships between 

the participant answers on various questions within the survey.  These were calculated to 

test the relationship between both the after-school program participation and out-of-

school participation and an interest in computer science at the collegiate level.  Neither 

correlation showed a significant relationship.  Correlations were also calculated between 

having a family member in the industry and plans to take a computer science course at 

the college level and also between having a family member in the industry and plans for a 

STEM major in college.  Both showed a weak positive direct relationship, but not to a 

significant degree (Table 4.20).   
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Table 4.20 

Correlation – Other influences on college computer science   

Question 1 Question 2 Correlation 
Coefficient 

How many times did you 
participate in the district STEM 
after-school program? 

Do you plan to take computer 
science courses at the college 
level? 

r = -.20, p = .26 

Did you participate in any other 
STEM out-of-school activities?  
Choose all that apply 

Do you plan to take computer 
science courses at the college 
level? 

r = .17, p = .39 

Do you have any relatives that 
work in the computing or 
information technology industry? 

Do you plan to take computer 
science courses at the college 
level? 

r = .16, p = .44 

Do you have any relatives that 
work in the computing or 
information technology industry? 

Do you plan to study a STEM 
subject as a college major? r = .18, p = .36 

Note. N=26. 

A correlation was also calculated to test the relationship between the after-school 

program participation and an interest in a computer science career. This calculation 

shows a weak negative relationship, which is not significant (Table 4.21). 

Table 4.21 
Correlation – After-school participation and computer science career 

Question 1 Question 2 Correlation 
Coefficient 

How many times did you 
participate in the district STEM 
after-school program? 

Does a career in computer science 
interest you? r = -.06, p = .77 

Note. N=26. 

Correlations were also calculated to test the relationship between skill attainment 

and a potential computer science career and also between participant valuation of 

computer science and a computer science career.  Both of these correlations showed a 
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weak positive direct relationship, with only the correlation between computer science 

skill attainment and a potential computer science career being significant (Table 4.22). 

Table 4.22 
Correlation – Skill and valuation relationship to computer science career 

Question 1 Question 2 Correlation 
Coefficient 

How many times did you 
participate in the district STEM 
after-school program? 

Do you feel that participating in 
the after-school program 
increased your skills in computer 
science? 

r = -.07, p = .74 

How many times did you 
participate in the district STEM 
after-school program? 

Do you feel that participating in 
the after-school program made 
you aware of a higher value of 
computer science? 

r = -.04, p = .86 

Do you feel that participating in the 
after-school program increased 
your skills in computer science? 

Does a career in computer science 
interest you? r = .39, p = .05 

Do you feel that participating in the 
after-school program made you 
aware of a higher value of 
computer science? 

Does a career in computer science 
interest you? r = .14, p = .55 

Note. N=26. 

Lastly, students were presented with an open-ended question to which they could 

respond with any additional information they wanted to share about the after-school 

program.  Six participants responded to this question.  There were two negative responses 

about the program, both of which noted specific complaints about the low level of 

programming skills offered due to the block-based language. The four positive responses 

about the program explicitly noted “I wish programs like this were offered sooner so 

more people would become interested in comp sci.,” and “I enjoyed my time doing the 
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after-school program,” and “The after-school program was where I could improve upon 

my skills in programs such as Scratch. ” This third respondent went further with his 

comment to explain that he felt that additional STEM-oriented out-of-school programs in 

which he participated were more influential to his skills and interest development, as the 

other out-of-school programs offered a higher level of complexity and skills. Lastly, this 

comment may be telling about influences on course and career selection and self-selected 

extra-curricular activities “I already planned to do computer science stuff since 5th grade 

so that is why it didn't affect my high school courses (sic) decisions.” 

Summary 

 Participant reflections on course choice and career selection were examined in 

this chapter, along with course selection data.  Twenty-six students who participated in a 

STEM-oriented after-school program completed and submitted a 23-question survey 

designed to capture their reflections on the after-school program related to influence on 

course selection and career choice.  Data collected through the survey and database 

holding course selection information were organized by each research question and then 

further organized by potential influence factors as reported through the survey answers. 

Chapter 5 will discuss the study results in detail, along with study limitations and 

recommendations for future research.  
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CHAPTER 5 

DISCUSSION 

Summary of the Study 

 Computing skills and computing knowledge are now fundamental skills needed 

by most employees, especially those in the Science, Technology, Engineering, and Math 

fields. Computers, computing technology, and computational devices are ubiquitous. 

People rely on this technology for work and personal use.  There is an increasing need for 

workers who can access, use, and modify computing technology and a need for workers 

that can develop, implement, upgrade, and support these computing systems.  

Employment is expected to grow 11% in computing and information technology 

occupations between 2019 and 2029, which is faster than the average for all occupations 

(Bureau of Labor Statistics, 2020).  Ten times the number of current computer science 

college graduates are needed to fill these positions (Code.org Promote, 2020).   

 Not only do we need to increase the size of the computing talent pool by 

increasing the number of individuals trained in these skills, we also need to correct the 

profound and persistent gender diversity gap in the computing technology sector 

(Code.org Promote, 2020).  Everyone does not have access to nor awareness of this 

opportunity.  Improving gender diversity improves creative solutions in computing 

algorithms, utilizes a needed untapped resource, and would allow those currently 

disenfranchised to pursue this worthwhile and financially rewarding field.  As 

educational and career goals appear in late childhood and early adolescence (Denner, 
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2011; Dickhäuser & Stiensmeier-Pelster, 2003; Fouad, 1995; Wang & Degol, 2013), 

knowledge on recruitment and motivational factors for this particular field within the 

STEM career choices is necessary. 

 This quantitative study was pursued to see if a District-wide after-school 

computer science program offered during late childhood and early adolescence 

influenced computer science high school course choice, college major areas of study, or 

career paths.  With the Eccles’ expectancy-value model (1994) as a lens, if students 

perceived to have gained an increase in computer science skills, they would have a higher 

expectancy of success at future computer science-related tasks.  If the students also had a 

similar increase in their valuation of computer science, the expectancy of success and the 

valuation of the task would combine to influence the choice of computer science courses 

or a career in computing.  Although noted in the literature review that the value variable 

within Eccles’ theory can be disaggregated into four dimensions: utility, intrinsic, 

attainment, and cost value, the overall variable was tested in this study rather than the 

disaggregated dimensions.    

 Using this model can lead to a better understanding of the motivational factors 

that influence career goals.  If a program is a good fit with this model, then participation 

in a program will affect a participant’s view of their success in a course.  It will also 

change their view of the value of the subject studied and increase the ability and 

perception of how they feel they can perform in a subsequent course and career. With this 

theory in mind, the study used quantitative data on course selection for both the general 
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school population and the participant group to answer the first of two research questions.  

The study also collected data using a survey distributed electronically to the participant 

group.   

 Twenty-six individuals who participated in the after-school program from 2014 to 

2017 make up the study's participant group.  They are students in a suburban public 

school district in southeastern Pennsylvania and are currently in grades nine, ten, eleven, 

and twelve in one of the three district high schools.  The online survey consisted of 23 

questions, five of which were on the participants’ demographic information, including 

information on family employment in the computing or IT industry. The survey included 

three questions on the participation rate on both the after-school program and any out-of-

school programs, followed by 16 reflection questions on the after-school experience, and 

ending with one open-ended question.   

 As there was an assumption of the potential pool of participants being below the 

age of consent, parental permission was collected prior to inviting the participant pool to 

join the study.  Parental consent, participant consent, and survey responses were 

completed digitally, adhering to social distancing procedures recommended by the 

Institutional Review Board.   

Summary of the results 

 The data results show trends and themes related to factors involved in the 

influence on educational and career aspirations.  Data were collected to answer the two 

research questions and to ascertain the alignment of the after-school program with the 



73 

 

 

expectancy-value theoretical framework.  The research questions organize the following 

summary of the results and are then followed by a discussion of the alignment with the 

framework.  

 Research questions 

1.  Does participation in an after-school computer science program increase the 

likelihood of taking computer science courses in high school? 

At 46.15%, the percentage of study participants taking a computer science course 

is much higher than that of the general population.  The percentage of students in the total 

population taking a computer science course has been in single digits for the past four 

years.  With a chi-square of 61.80, the difference is significant, but had a small effect size 

of .06.  There was a higher likelihood of taking computer science courses in high school 

for the participant group.   

1 a.  Of these students who participated in the after-school program, are there gender 

differences in the computer science course choice rate in high school? 

The rate of female students in the general population taking a computer science 

course has increased in the past four years, although not to the extent of the increase in 

the total number and percentage of students taking a computer science course over the 

past four years.  The chi-square calculation results show a significant difference in the 

likelihood of a female in the participant group taking a computer science course in high 
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school compared to that of the female students in the general population, although the 

effect size was small.   

2.  Do students perceive that participation in the after-school computer science program 

supported a subsequent interest in a college computer science or STEM major? 

Sixteen questions informed research question two and the two sub-questions.  

Participant reflection data collected from these survey questions show a varied reflective 

view of and reaction to the program.   

There are four survey questions with the most relevance to the second research 

question, “Do you feel the after-school program has influenced your career choices,” “Do 

you plan to study a STEM subject as a college major,” “Do you plan to study computer 

science as a college major” and “Do you intend to take computer science courses at the 

college level.”  

 The chi-square calculation shows a significant majority of the respondents 

answered that the after-school program had a slight influence on career choices.  The 

majority of the answers to the survey question asking about studying STEM as a college 

major were also positive, but with a more even distribution between the answers, so this 

chi-square result was not significant.  A significant majority of respondents answered 

negatively on both of the questions on plans to study computer science as a college major 

and plans to take computer science courses at the college level. Most of the respondents 

do not plan to take computer science in college or declare it a major area of college study.  
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These answers do not seem to be supportive of the after-school program influencing 

interest in collegiate level computer science courses, computer science major area of 

study or the choice of a STEM major.  

Research question 2 a - What other computer science activities do students perceive as 

influencing their interest in computer science courses in college? 

On the question of other influences on computer science, there seems to be one 

considerable influence on computer science choice, although not to a significant level. 

Although not explicitly asked in the survey, three questions were developed to collect 

data to answer this question. These were questions on the number of times of 

participation in the after-school program, the amount of participation in other out-of-

school STEM activities and if participants had family members employed in the industry.   

Students were significantly more likely to participate in the after-school program 

only once within this participant group.  A correlation between these answers and interest 

in college computer science courses was not significant.  Of the eight students who 

participated in an out-of-school STEM program, only one is thinking of taking computer 

science in college, and one other is thinking of majoring in computer science.  A 

correlation between the out-of-school program participation and planned college 

computer science courses was also not significant. There does not seem to be a 

relationship between either participation in the after-school program or the out-of-school 

programs and plans to take computer science at the collegiate level for these study 

participants. 
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The question on family member employment in the computing industry is 

interesting.  A large majority of participants, 19 out of 26, have at least one relative in the 

computing or IT industry.  A correlation between those with family in the computing 

industry and plans to take computer science in college is a weak direct relationship, but 

not to a significant extent.     

Research question 2 b.  Does participation in the after-school computer science program 

lead to a subsequent interest in a computer science career 

The second and final sub-question was on whether participation in the after-

school computer science program leads to a subsequent interest in a computer science 

career.  While 76.92% of the participants answered positively to the after-school program 

influencing career choice, the majority of respondents answering only to a slight extent.  

This is significant given the chi-square calculation, as the majority of answers within that 

slight extent were more than what would be expected by chance.  The survey question 

specifically about computer science career choice was more favorable than simply the 

influence on career choice.  The chi-square for this question was also significant.  

Although there were as many positive answers for the next question on whether the after-

school program influenced a greater awareness of STEM careers, this chi-square was not 

significant as the answers were spread more evenly between all four possibilities.  The 

correlation between the after-school participation rate and plans for a career in computer 

science had a weak negative relationship but was not significant.   
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Responses to the open-ended question 

The last question on the survey was open-ended and, as such, did not fit within 

any specific research question.  The responses to the open-ended question reflect that 

there were differing ability levels within the after-school program participants.  This 

varying skill level would have been a factor in student evaluation of the program, not 

only from those that came to the program with a high level of skills and were 

disappointed in the level of rigor, but also from those that had lower skills and may have 

had a negative self-reflection of their own skills set in comparison to those with the 

background, initiative and family interest to have studied computer science before after-

school program participation. These responses underscore the difficulties with motivation 

and influence on achievement-related decisions when creating a program to broaden 

computer science access and interest.   

Expectancy and Valuation 

Six questions collected information on the participants’ valuation of the learning 

experience within the after-school program, allowing the participants to give feedback on 

the content, learning activities, and the metacognition of their learning and skill 

acquisition.  These questions were all answered positively by most participants, but with 

only the question of learning something useful or valuable being slightly significant with 

a large effect. 

Two additional questions asked if the respondent felt that participation in the 

after-school program increased their computer science skills or allowed them a higher 
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valuation of computer science.  The majority of respondents answered positively on the 

increase in computer science skills but negatively on a higher valuation of computer 

science.   

The distribution of the responses to the number of times students participated in 

the after-school program was significant, with a large majority of the students only 

participating once.  These answers were compared to the answers for increasing computer 

science skills and the answers for increasing their computer science valuation.  The 

correlations show negative, but not significant, relationships between participation in the 

after-school sessions and increasing skill sets and computer science valuation.    

The majority of respondents increased their computer science skills, learned 

something valuable, and gained confidence in their STEM or computer science skills, but 

not to a large extent. Countering this narrative is the statistically significant negative 

answers to studying computer science in college or having computer science as a major.  

Given the slight significance of participants’ interest in a computer science career, it is 

possible that the idea of a career has greater interest than the study of the subject itself.   

These responses do seem to align with the expectancy-value theory in that the 

individual needs both the expectation of success and an increase in the value of the 

subject matter to motivate them to choose a particular career path.   

Limitations 

I anticipated several limitations in this study.  Given that the study's design 

included only after-school program participants, there was a limited number of potential 
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subjects.  Throughout the process of attaining parental consent, it became apparent that 

phone contact was not an ideal way to reach parents.  I believe that the first contact being 

through email may have met with greater success at communicating with families.  With 

phone technology being able to notify the recipient that a caller is not in their contact list, 

the usual reaction is to screen the call.  An initial email may have laid a foundation for 

subsequent phone contact.  Initial contact through mailing a physical letter may also have 

made the initial contact a smoother process, although, with the global pandemic, many 

people were also concerned with bringing mail inside their homes.   Absent of the 

pandemic, participants could have been gathered through conversations with parents at 

drop-off and pick-up during the summer or after-school sessions for those that 

participated in the after-school program in the past that have younger siblings currently 

learning in the after-school program.  Attendance at a parent council meeting to explain 

the research before calling may also have helped break the ice with those parents that 

would have been interested had they known the context of the research and had been 

aware to expect the calls. 

Nevertheless, cold-calling was one of the few means of attaining consent in a 

socially-distant context and the Institutional Review Board of the University requirement.  

Once parental consent was obtained, email invitations were sent to students.  Many 

students do not look at their email as frequently as they look at items on their phones, and 

especially do not look at their email very often during the summer. Although half of those 

with parental consent responded to the survey request, the total participant pool was 

lower than expected.  The issue of participant size and the impact on this study was 
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substantial.  This study had only 26 participants, which is such a low number that the 

significance of the statistics is difficult to ascribe as a true effect. 

 Another limitation of the study design was the length of time between 

participation in the after-school program and the data collection time frame.  For the 

earliest program participants, six years have elapsed.  Recollections of the experience 

may be vague or difficult to remember.   

 The ordering of the survey questions may have introduced a conflict for the 

responses.  The questions on studying computer science at the collegiate level, question 

numbers eight and eleven, were not directly in sequence with the questions on computer 

science career interest, question 19, nor did they have the same scale.  The change in 

scale was to prevent habituation bias, but this distance between questions and change in 

scale may have skewed the responses more favorably or more negatively between the two 

sections of questions.  

 The after-school program may not have been uniform in the presentation of 

content and context as there were many teachers from diverse subject-area backgrounds. 

The programming session teachers did not need to have any background in computer 

science or programming.  Content training was provided to all teacher participants in the 

program, but variations on emphasis within the content and differences in delivery styles 

may have resulted in a varied experience within the program. These differences could 

have had an impact on student skill acquisition and valuation of the content.    
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The after-school sessions' locations also varied, being held at a selection of 

schools throughout the District.  The program is presented in elementary and middle 

schools throughout the District with students of differing backgrounds, experiences, and 

demographic data.  Given the small number of participants out of the after-school 

population, the opinions of those involved may not be representative of the after-school 

program participants.   

 The students and their parents self-selected to participate in the after-school 

program, so they may have had a predilection to STEM or CS before the 

program.  Although there were scholarships available, the after-school sessions are fee-

based.   Those families that are not on the free and reduced lunch program but still do not 

have the discretionary income to afford the program may not apply for the scholarship 

because they are unaware that the scholarship threshold is quite low.  This type of 

program also appeals to those that already have an understanding or knowledge of 

technology.  The after-school participants may not be representative of the general 

population of the District.   

This study is limited to only one school district with a limited number of program 

participants.  The demographics within this District may differ from districts within the 

Commonwealth and those within other regions of the United States.  The District may not 

be representative of the general population.   

 Given the limitations of the study and the findings, the generalization of the study 

findings is cautioned.  
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Discussion and Study Implications 

Despite these limitations, the findings have implications for understanding factors 

that may influence this participant group's course and career choices.  The participants' 

increased likelihood to take computer science courses, both as a whole group and when 

accounting for gender, was a positive finding but did not tell a complete story.  There is a 

relationship, but there is not enough information within these data to determine causality, 

nor do I think we would find a causal relationship between the after-school program and 

this course selection rate, given the subsequent reflective answers on the program.   

There may be an indication of a contributing factor to the relationship between the 

course selection rate and participation in the after-school program when we look at the 

incidence rate of having family members in the industry.  With the significance of the 

rate of computing and information technology family members within this participant 

group and given the medium to large effect size, family influence may have been a 

contributor or may have been a sign of a propensity factor within the participant group.  

Parental career choice and parental education are motivating factors in career choice for 

children, with fathers being key influencers on female student choice of computing 

careers (Adva & Kaiser, 2005; Denner, 2009). 

Implications of the study point to the inclusion of differentiation, offering sessions 

at higher computing levels to keep those who come to the program with a computing skill 

set more engaged.  There is also an opportunity to link the skills learned in the program to 

career interests.  This linkage to a career path of the skills learned would increase the 
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value, relevance, and utility of computing in the after-school program, all integral to the 

expectancy-value theory.  Grouping by skill level could increase skills for those who 

already have a propensity for taking STEM and computer science, which could keep 

these students in the computer science pipeline. 

The findings suggest that interventions such as these should keep a focus on 

increasing computing skills but should also include an emphasis on how computing can 

fit with girls' values and interests.  Although increasing confidence in the subject matter 

for girls is essential, it is also important to include the utility of computing (Eccles, 2008).    

Given the implication that the after-school program may teach valuable skills, but 

the program may be reaching those already inclined to study the subject, it may be 

advisable to develop the curriculum for the program into a content area for the late 

elementary or middle school level.  With a broader exposure to those that do not have 

relatives in the industry or a predilection to study the subject, a more equitable approach 

to this subject could be attained (Fields, Kafai, Nkajima, Good & Margolis, 2018; 

Repenning et al., 2015).  This change could introduce tension to decrease the relaxed and 

discovery learning mode inherent in the after-school program but would allow for 

differentiation for more learners while continuing to provide the tangible skill-building 

on a more permanent basis (Migus, 2014).  

Recommendation for further research 

 As it is vital to find the influences on course and career choice for computer 

science to correct the persistent gender imbalance and broaden access to and interest in 
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these increasingly needed fundamental skills, further research is recommended.   In order 

to gain a deeper understanding of the phenomena, there are recommendations that may 

warrant consideration for additional study.     

 With the potential family influence on course selection for this participant group, 

it would be beneficial to have a follow-up study to include a larger group of participants 

from the after-school program that do not have relatives in the computing industry.  This 

follow-up study would help explore the family's influencing factor for this age range to 

see how parental support influences these types of course and career choices.   Collecting 

data on parental background and education level and participant feedback from those who 

are choosing a computing career, but have parents with careers outside of the computing 

industry, could help determine additional important influencing factors.  

A follow-up qualitative study with the current study participants, along with a 

larger cohort from these years or subsequent years, may help better understand their 

perception of what has influenced their course and career choices. Individual and group 

interviews would allow for a richer context of the experience within the after-school 

program and enable more insight into what factors within the after-school program may 

have influenced course and career choices.  These interviews could also help discover 

other factors that may have influenced their computer science course choice decisions. 

A longitudinal study of the after-school program would be beneficial.  Using pre-

and post-surveys to test skill acquisition and computer science skills and valuation 

changes would be able to test the expectancy-value theory in this age frame to a better 
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extent.  This would also show the long-term impact on skills, value and utility from the 

program.   

A mixed-methods study using current high school computer science students 

would also be beneficial to find actual influences on course selection and career choice.  

Combining a quantitative data collection such as a survey of knowledge, skill set, and 

computing valuation from current students would collect needed data.  Interviews with 

equal numbers of students that are planning on continuing on the computer science 

pathway and those that are not would indicate possible interventions that could be 

successful in broadening access to and interest in computing. 

Conclusion  

This study was designed to examine the influence of an after-school program on 

computer science course and career selection.  The data collected for this study included 

course selection information from a District database and a survey digitally distributed to 

the participants.  These data were presented in a narrative discussion organized by the 

two research questions with sub-questions in the study.   

The study results reveal that the course selection rate for computer science in high 

school is greater in this population of students that participated in an after-school 

program as compared to the general high school population.  The selection rate of 

computer science for this participant group was significant.  The results also show that 

the rate of computer science choice for this group is also significant when accounting for 

the gender of the participants.  The results are not supportive of the after-school program 
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influencing participants to study computer science at the collegiate level, but there is 

some support for the study participants to have an interest in a computing career.   

When looking at other influences on computer science course and career 

decisions, having a family member employed in a computing field seems to support 

computer science course and career choices for this group of participants. The results 

reveal that a program such as this may increase interest in the computing field, but other 

avenues of generating interest in computing for girls need to be explored. 
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APPENDIX A 

The Influence of an After-School Program on Course and Career Selection - survey 

You have been invited to participate in this study because you participated in a Science, 
Technology, Engineering, Math (STEM) after-school program at your elementary or 
middle school.  In this after-school program, you participated in one or more sessions on 
Lego Mindstorms, Robotics, Scratch Programming, Coding with the Finch, 
Hummingbird Robotics and/or Engineering.    

Demographic information 

1. Do you have any relatives that work in the computing or information technology 
industry?  

 � Yes 
 � No 

 
2. If yes, who? Choose all that apply: �  Mother  �  Uncle 

    �  Father  �  
Brother/Sister 
    � Aunt  �  Cousin 

3. What is your age? 
 

4. What is your gender? � Male � Other 
� Female �  Prefer not to answer 

Background on out of school experiences 

5. How many times did you participate in the district STEM after-school program? 
  

� Once 
� Twice 
� More than three times 

 
6.  In which after-school session(s) did you participate? 

 
� Robotics 
� Mindstorms 
� Coding with Finch 
� Scratch Programming 
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7. Did you participate in any other STEM out of school activities?  Choose all that 
apply: 
 

� Girls Exploring Tomorrows’ Technology 
� Girls Who Code event 
� A computer science summer workshop 
� A weekend STEM or computer science course at the CCIU, or similar 

venue 
� Workshop at a college or university 
� Hackathon 
� None 

Reflections on the after-school program 

8. Do you plan 
to take 
computer 
science 
courses at the 
college level? 

Definitely 
Yes 
 
� 

Possibly 
Yes  
 
� 

Possibly 
No 
  
 
� 

Definitely 
No 
 
� 
 

 

9. If you plan to 
study a 
STEM 
subject in 
college, 
which is your 
interest area? 

Science 
 
� 

Technology 
 
� 

Engineerin
g 
 
� 

Math 
 
� 

Other 
 
� 
 

10. Do you plan 
to study a 
STEM 
subject as a 
college 
major? 

Definitely 
Yes 
� 

Possibly 
Yes  
� 

Possibly 
No 
  
� 

Definitely 
No 
� 
 

 

11. Do you plan 
to study 
computer 
science as 
your college 
major? 

Definitely 
Yes 
� 

Possibly 
Yes 
� 

Possibly 
No 
 
� 

Definitely 
No 
� 
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12. During your 
participation 
in the STEM 
after-school 
program in 
the 
elementary 
and middle 
schools, 
which of the 
activities in 
the program 
would you 
say was most 
important to 
you? 
 

Learning 
something 
new 
 
� 

Working 
with my 
hands 
 
� 

Being 
after-
school 
with my 
friends 
 
� 

Learning 
more 
about an 
interest   
� 
 

Other 
 
 
 
� 

13. During your 
participation 
in the after-
school 
STEM-
related 
program in 
the 
elementary 
and middle 
schools, did 
you learn a 
new skill 
around 
STEM or 
computing? 
 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 

 

14. During your 
participation 
in the after-
school 
STEM-
related 
program in 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 
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the 
elementary 
and middle 
schools, did 
you feel that 
you learned 
something 
valuable or 
useful? 
 

15. After your 
participation 
in the after-
school 
STEM-
related 
program in 
the 
elementary 
and middle 
schools, did 
you feel 
more 
confident in 
your STEM 
or computer 
science skills 
than you did 
before the 
program? 
  

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 

 

16. During your 
participation 
in the after-
school 
STEM-
related 
program in 
the 
elementary 
and middle 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 
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schools, do 
you feel like 
the after-
school 
program has 
influenced 
your overall 
high school 
course 
choices?  
 

17. During your 
participation 
in the after-
school 
STEM-
related 
program in 
the 
elementary 
and middle 
schools, do 
you feel it 
influenced 
your decision 
to take a 
computer 
science 
course in 
high school? 
 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 

 

18. During your 
participation 
in the after-
school 
STEM-
related 
program in 
the 
elementary 
and middle 
schools, do 
you feel that 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 
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the after-
school 
program has 
influenced 
your career 
choices? 
 

19. Does a career 
in computer 
science 
interest you? 
 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 
 
 

 

20. After 
participating 
in the after-
school 
program, 
were you 
more aware 
of STEM-
related 
careers? 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 
 
 

 

21. Do you feel 
that 
participating 
in the after-
school 
program 
increased 
your skills in 
computer 
science? 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 
 
 

 

22. Do you feel 
that 
participating 
in the after-
school 
program 
made you 
aware of a 
higher value 

To a large 
extent 
 
 
� 

To a 
moderate 
extent 
 
� 

To a slight 
extent 
 
 
� 

Not at all 
 
 
 
� 
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of computer 
science? 

23. Is there any 
additional 
information 
you would 
like to share 
about the 
after-school 
program? 
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