
30

Making Apps: An Approach to Recruiting Youth to
Computer Science

JODY CLARKE-MIDURA and CHONGNING SUN, Department of Instructional Technology and

Learning Sciences, Utah State University

KATARINA PANTIC, Teacher Education Department, Weber State University

In response to the need to broaden participation in computer science, we designed a summer camp to teach

middle-school-aged youth to code apps with MIT App Inventor. For the past four summers, we have observed

significant gains in youth’s interest and self-efficacy in computer science, after attending our camps. The ma-

jority of these youth, however, were youth from our local community. To provide equal access across the state

and secure more diversity, we were interested in examining the effect of the camp on a broader population of

youth. Thus, we partnered with an outreach program to reach and test our camps on youth from low-income

high-poverty areas in the Intermountain West. During the summer of 2019, we conducted two sets of camps:

locally advertised app camps that attracted youth from our local community and a second set of camps as part

of a larger outreach program for youth from low-income high-poverty areas. The camps for both populations

followed the same design of personnel, camp activities, structure, and curriculum. However, the background

of the participants was slightly different. Using survey data, we found that the local sample experienced sig-

nificant gains in both self-efficacy and interest, while the outreach group only reported significant gains in

self-efficacy after attending the camp. However, the qualitative data collected from the outreach participants

indicated that they had a positive experience both with the camp and their mentors. In this article, we dis-

cuss the camp design and findings in relation to strategies for broadening participation in Computer Science

education.
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1 INTRODUCTION

In recent years, there has been a surge of research that aimed to broaden participation in Computer
Science (CS) education. Some studies examine the influence of different media for delivering pro-
gramming, such as coding toys for children, e.g., [17] or online learning platforms, such as Scratch,
e.g., [32, 75, 84] or MIT App Inventor, e.g., [21, 39, 69, 76]. Other studies look at the influence of
social support, such as mentors, e.g., [16, 19, 28, 52] and or parents, e.g., [18]. Most of the above-
mentioned interventions and pedagogies have been found to have a positive effect on participation
of youth in CS education. Some recent reports even pointed out that CS enrollment has increased
in recent years, e.g., [23, 70]. However, in the United States, CS education is still dominated by
white male participants (see [22, 71]) and the need to broaden participation still exists [72]. In
response to this call for extending CS opportunities to underrepresented youth, we designed a
summer camp experience to teach middle-school youth to code apps by using MIT App Inventor.
The overarching goal of our project was to identify strategies that broaden participation, for girls
in particular. For the past four summers, we observed significant gains in youth’s self-efficacy and
interest, after attending our App camps, e.g., [19, 21]. While we achieved our goals to reach more
girls, our attempts to recruit a demographically diverse sample was not as successful. Therefore, we
partnered with an outreach program that worked with youth across the state to reach a more demo-
graphically diverse sample. According to Warner, Fletcher, and Garbrecht [107], providing access
to youth from low-income schools and securing participation of underrepresented subgroups are
two of the four major components of achieving equity in CS education, in addition to securing the
quality of instruction and CS qualified teachers. The purpose of this article, therefore, is to explore
the effectiveness of our camp on two different samples in terms of their affect towards CS. Specif-
ically, we asked: Does participating in App camp affect campers’ self-efficacy in programming?
Does participating in App camp affect campers’ interest in programming? Do we see a difference
in self-efficacy and interest in programming between the two samples? To further understand the
outreach campers’ experience, we added two additional research questions: How do the outreach
campers feel about the camp? How do the outreach campers feel about their mentors?

2 LITERATURE REVIEW

2.1 The Role of Self-efficacy and Interest in our Choice of Activity

Factors that promote and/or increase self-efficacy are central to our work. Self-efficacy refers to the
individual’s belief in his/her abilities to perform a task and it plays a critical role in human agency
[8]. As Bandura [10] posited, self-efficacy is a major determinant of whether an individual chooses
to partake in or avoid an activity, how much effort that person invests in the activity, and how long
s/he persists in the face of difficulties. In accordance with this theorization on self-efficacy and
choice of activities, literature on underrepresentation in CS has found empirical evidence showing
that low self-efficacy is an important factor that precludes certain underrepresented groups from
pursuing CS, e.g., [4, 33, 87, 96, 109].

In addition to its role in determining people’s choice of activities, self-efficacy plays a critical
role in interest development. According to social cognitive career theory [57], a theory built upon
social cognitive theory [9] to explain academic and career interest development, self-efficacy is a
precursor to interest. In other words, people will form an enduring interest in an activity in which
they feel efficacious or confident. A plethora of research has lent empirical support to attest to the
relationship between self-efficacy and interest. As an example, one study [58] investigating factors
that predict college students’ interest and career goals in the computing disciplines showed that
self-efficacy is predictive of interest. This indicates that high self-efficacy had the potential to
increase positive interest in majoring in computing disciplines. In another study, Luse, Rursch, and
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Jacobson [63] examined factors that affected high school students’ choice of information tech-
nology as a major. They also found a significant positive relationship between self-efficacy and
interest.

It is also worth mentioning though that despite their positive relationship, researchers found a
temporal lag between recently acquired self-efficacy and resultant interest [9, 57]. In other words,
newly acquired self-efficacy may not lead to an immediate change in interest, and it may take
multiple or extended experiences of increased self-efficacy to affect a change in interest.

2.2 Self-efficacy in CS Education

There is a considerable number of studies on self-efficacy in the CS education literature, and a
majority of them were conducted in higher education, e.g., [54, 64, 78, 81]. A notable group of
CS self-efficacy research in higher education is characterized by the interest of investigating the
relationship between self-efficacy and students’ pathway to CS, e.g., [25, 26, 60, 85]. For exam-
ple, one study [85] found that in addition to social support, self-efficacy was positively associated
with undergraduate students’ orientation toward computer and information science careers. That
is, higher self-efficacy predicted stronger orientation. In another study, where a survey was ad-
ministered to students in an introductory CS course, measuring their intentions to further pursue
computer science, Dempsey and colleagues [25] found that CS self-efficacy and identity were sig-
nificantly correlated with intentions to pursue CS in the future.

In addition to the pathway studies mentioned above, there is a large body of research that inves-
tigated self-efficacy in CS in the context of broadening participation, e.g., [2, 12, 14, 15, 56, 96]. For
example, Blaney and Stout [15] surveyed students in a CS1 class and found that females in general
had lower computing self-efficacy and sense of belonging than males. In addition, first generation
college females reported significantly lower self-efficacy and belonging compared to their peers
(i.e., males and continuing generation females). In another study, Lehman and colleagues [56] used
a national sample of first-year college students to understand more about the characteristics and
backgrounds of women who planned to major in CS including ethnic and racial backgrounds,
academic achievement, and affective attitudes. They found that females had significantly lower
computing self-efficacy compared to males. This self-efficacy inequity between female and male
college students is consistent across numerous studies, e.g., [11–14, 33, 104]. According to a review
of the literature by Singh et al. [96], research suggests that female college students have lower CS
self-efficacy than their male peers.

Another strand of self-efficacy studies in CS education focuses on K-12 students, particularly
from the perspective of recruitment. A number of studies found that self-efficacy was an impor-
tant contributing factor that shaped K-12 students’ CS-related career aspirations, e.g., [34, 40, 41].
For example, Sáinz and Eccles [92] found that self-concept of computer ability (defined as self-
perceptions of one’s ability with computers, such as how good one is at computers) predicted
Spanish high school students’ intentions to pursue ICT-related studies in the future. Additionally,
Friend [34] compared the interest and confidence in computing of middle school girls and found
that girls who were open to a computing career had higher interest and confidence than those
who did not want a computing career. In addition, in a report prepared for an NSF project on
women/girls’ lack of participation in CS, Gürer and Camp [41] concluded that loss of self-efficacy
affected women/girls at all levels of the CS pipeline, and it was a major cause for K-12 girls not
entering CS and for college women leaving CS.

Given the important role self-efficacy plays in recruiting students to CS, a plethora of CS ed-
ucation research in K-12 sector was designed to increase youths’ self-efficacy, and the majority
of these studies were conducted in out-of-school settings, e.g., [1, 3, 27, 50, 53, 74, 80, 86, 90,
102, 103]. In a recent study published in this journal [see 21], the authors conducted a review on
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computing camps for youth. They found that the effects of these camps on students’ self-efficacy
were inconsistent. While several studies reported significant post-camp gain in self-efficacy, e.g.,
[19, 90, 98, 103], one study did not observe a significant change in self-efficacy [102]. In addition,
some studies observed mixed results [50, 86]. Furthermore, as for those studies that observed sig-
nificant self-efficacy gains, there is a vast difference in the magnitudes of change. For example,
Gannod et al. [35] ran a summer residential camp where high school girls learned to code mo-
bile apps. They only recorded a small change in post self-efficacy (i.e., Cohen’s d = 0.20). Another
study [90] using the same strategy (i.e., coding mobile apps) and working with the same popula-
tion (i.e., high school girls), reported a very large change in self-efficacy, Cohen’s d = 1.71. This
review shows that our understanding of self-efficacy within informal CS environments is still far
from complete and more research is needed on what strategies can build youths’ self-efficacy.

2.3 Interest in CS Education

Similar to findings around self-efficacy, the gender difference in interest in CS education has also
persisted for decades [94] and is well-documented in the CS education literature, e.g., [4, 29, 105,
106]. Although girls’ report a similar level of interest in CS as boys at early ages, girls tend to lose
interest as they grow older [67, 68]. Research suggests that the lack of interest among adolescent
girls and young adult women is directly linked to females’ lack of participation in CS education
[63, 94]. Therefore, numerous initiatives have been designed to increase interest in CS, particularly
for females [15, 37].

Due to evidence that shows academic and career interest disparity begins to emerge as early as
in secondary school [6, 91], many initiatives (including ours) focus on middle- and high-school-
aged youth [27, 73, 86]. Despite numerous efforts to increase youth’s interest in CS, the results
are still mixed and often do not show significant change, e.g., [90, 98, 108]. For example, two
different studies [86, 102] used the same programming platform (i.e., App Inventor) with similar
course delivery approach (i.e., self-paced video tutorials), and both focused on high-school-aged
youth. Urness and Manley [102] did not observe any significant change in interest after the camp.
However, Roy [86] administered a survey and conducted analysis where they examined change in
interest by each individual item (as opposed to a latent construct). The authors found that some
items showed increase, and some showed no change or even decrease.

According to Graves and DeLyser [38], these inconsistent findings in interest gains can be at-
tributed to how interest was measured. In other words, measures of interest often do not differen-
tiate students’ situational interest and intrinsic or individual interest—two distinctive constructs
reflecting two different developmental stages of interest. According to Hidi and Renninger [46],
in their model of interest development, interest progresses in four sequential and distinct stages:
triggered situational interest, maintained situational interest, emerging individual interest, and
well-developed individual interest. Situational interest refers to the psychological state and affec-
tive reaction to an external (e.g., an object or an environmental condition) stimulus in the moment,
while individual interest is an enduring predisposition to seek repetitive engagement in an activity
over time. In addition, situational interest is the precursor to individual interest, and it takes time
for the former to turn into a well-developed individual interest. This developmental view of inter-
est is different from that in the vocation and career literature such as Holland’s vocational choice
and interest types [47, 48], where interest is conceptualized as a well-developed personal trait.
According to Hidi and Renninger [46], the conceptualization of interest as a stable construct can
cause problems and the little to no interest change observed in some vocational interest studies is
likely due to this view of interest. Therefore, Renninger and Hidi [82] argued that when measuring
interest, researchers should be clear about how to conceptualize interest; otherwise, the empirical
findings may not be helpful in informing the decisions on how to generate interest.
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In the present study, we adopted Hidi and Renniger’s four stage model of interest [46]. In doing
so, we argue that while we may not be able to change youths’ individual interest, we are striving
to trigger their situational interest in programming, which is important for broadening partici-
pation. However, to the best of our knowledge, there is only a handful of studies on situational
interest in the CS education and recruitment literature, e.g., [55, 61, 95]. Lakanen et al. [55] and
Scaico et al. [95], for example, used a qualitative approach to investigating the trajectories of inter-
est development (i.e., from situational interest to individual interest) among high school graduates
who attended a programming camp before, and college freshmen enrolled in a CS0 course, respec-
tively. Lakanen and colleagues [55] found that while it did not affect many students, attending
the programming camp was beneficial to those who already had a maintained situational interest.
Namely, attending the camp strengthened their confidence in studying CS. As to the Scaico et al.
[95] study, they found six trajectories of how interest developed among ten students, represent-
ing three patterns: evolving to a more developed state, regressing to a lesser developed one, and
remaining at the same state over a long period of time. They also found that one individual could
demonstrate multiple trajectories over time. In addition, the study also identified a few factors that
could trigger situational interest, including learning of peers’ successful coding experience, task
novelty, and completing the first code.

3 CONTEXT

Our camp focused on how to program apps using MIT App Inventor, a block programming lan-
guage used to develop mobile applications running Android OS [36]. We selected App Inventor,
because it has a low entry threshold for novice programmers.

3.1 Near-peer Mentoring Model

As mentioned above, our camps were specifically designed around strategies to broaden participa-
tion in CS. We developed a near-peer mentoring model where we trained high school youth with
little or no CS background to program in App Inventor and to mentor their middle school peers.
The high school mentors then helped us run our camps.

3.2 Camp Curriculum

The curriculum for this camp was delivered via Canvas, a learning management system. The cur-
riculum is designed around 11 apps, with additional apps for advanced students. In the 11-app
sequence, the content starts out easy by building a simple app that has a text to speech feature, to
more complex apps that involve databases and conditionals. The instructions in the instructional
material start out highly scaffolded, but once a concept is introduced, the step-by-step instruc-
tions are no longer provided for that concept. In addition, due to research that shows increasing
the meaningfulness of and personal involvement in a task helps trigger and maintain interest [43,
46], we offered campers (and mentors) with the choice of personalizing their apps—a strategy used
with an intent to increase task relatedness [43, 46, 89]. Specifically, campers were encouraged to
personalize their apps in various ways from adding their own images to adding on features. In ad-
dition to building the basic apps, campers were engaged in debugging activities with their peers.
For a list of all the apps and programming concepts covered in the camp, as well as a more detailed
description of the curriculum, see Clarke-Midura et al. [21].

3.3 Mentor Training

During the summer of 2019, we ran two mentor training sessions for high school students who
helped us mentor middle school youth in our local and outreach camps, respectively. The mentor
training was designed to train high school youth how to code and be a mentor. In other words,
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they learned how to program the 11 apps aforementioned, how to debug, and how to approach
youth while mentoring them. Some of the mentoring activities included asking questions, provid-
ing constructive feedback and so on. Mentor training lasted for five days (a total of 25 hours) and
it was identical for the two sets of mentors.

All the mentors were supported by lead mentors during their training. Lead mentors were
trained and worked as mentors in our 2018 camps. They were also high school students who mod-
eled mentoring behavior for the trainees and offered programming help. The same lead mentors
served as their supervisors in both the local and outreach camps.

3.4 Strategies Used to Promote Self-efficacy

As a precursor to interest [57], self-efficacy is central to our camp design. When designing our
camp, we incorporated several strategies in line with Bandura’s theorization [8–10] to promote
self-efficacy:

3.4.1 Maintaining Levels of Task Difficulty. First, we designed our curriculum so that it proceeds
in difficulty. As Bandura [8–10] posited, a task that is too easy does not contribute to raising self-
efficacy; the same goes for a task that is too difficult. Failure to complete an exceedingly difficult
task does not reflect an individual’s ability, but it does discourage participation. Therefore, main-
taining the difficulty of our curriculum at a manageable level has the advantage of keeping the
participants engaged, while at the same time, it boosts their efficacious beliefs when they master
the challenging tasks.

To lower the difficulty of our curriculum, we built scaffolds into our instructional materials, such
as visuals, and worked examples, so that when the participants start, they do not feel overwhelmed.
The scaffolds, however, fade as the instruction advances with a goal of challenging the participants
to think through the problems.

3.4.2 Providing Encouragement. Encouragement is also effective in increasing self-efficacy [8–
10]. During our camps, we trained our mentors to regularly provide positive feedback to the
campers. For example, we asked the mentors to give verbal compliments that praise campers’
achievement and effort. We also asked the mentors to leave motivational messages to the campers
each day throughout the camp.

3.4.3 Providing Credible Models. People can also adjust their self-efficacy by observing others
(i.e., models) [8–10]. A model’s effectiveness in changing the observer’s self-efficacy depends upon
the perceived similarity between the model and the observer. A model with comparable ability can
increase the observer’s self-efficacy. Due to the importance of similarity in building self-efficacy,
we selected near-peers (who are similar in age and expertise to the campers) to be mentors. In
doing so, we provided the participants with models of people who can do computer science, so
they could promote campers’ confidence in CS. In previous studies, we found that campers who
perceived their mentors as similar (in age and expertise) and encouraging were more likely to
experience an increase in self-efficacy, e.g., [19, 20].

In addition to the near-peer mentors, we also designed and showed three one-minute-long
videos featuring recent college graduates from rural areas of the Intermountain West. These gradu-
ates shared how they became interested in CS and what they liked about their CS-related job. One
reason for selecting these models was to increase the perceived similarity between the models
and the campers, to boost their confidence in pursuing CS. Second, we hoped that campers would
relate to models with similar experiences to theirs, and the models’ experiences would resonate
with their self-concepts by creating a sense of belonging for the campers. In turn, such sense of
belonging would facilitate the emergence of a positive inclination towards CS.
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3.5 Local App Camps

After training our mentors, we ran four camps for middle-school-aged youth in our local commu-
nity (see Section 3.2 for a description of the camp curriculum). The camps were five days long, 3
hours a day (15 hours total). The ratio of mentors to campers was 1:5 or 1:6. The cost of the camp
was $40, with an early bird option of $35. Scholarships were available to anyone who requested
one.

3.6 Outreach App Camps

In addition to camps described in Section 3.4, we ran two camps as part of a larger outreach pro-
gram. The outreach program was designed to improve students’ high school graduation and post-
secondary enrollment rates, while at the same time raising students’ awareness of postsecondary
education and career options.

The outreach app camps used the same curriculum and resources as the local app camps, but
they were filled with middle school youth from nine schools located in low-income high-poverty
areas in the Intermountain West. They were also five days long and lasted for 3 hours per day.
There was no cost for this camp. The youth were recruited by the outreach organization in their
schools. These campers were also supported by mentors, and the ratio of mentors and campers
was also 1:5 or 1:6.

4 METHODS

4.1 Participant Recruitment

4.1.1 Mentors. Mentors for the two camps were recruited together, following the same
procedures. First, applicants had to complete an online application form. Next, they went through
a phone interview process, where they were asked about their programing and mentoring
experience, why they wanted to mentor and how they would approach different mentoring
situations. Based on their availability, they were assigned to either one of the two camps. Within
the camp, they were assigned to a group of five to six campers. All the mentors were local high
school students.

Of note, we decided not to match mentors and mentees by their backgrounds, such as gen-
der and ethnicity/race for two reasons. First, research shows inconsistent findings in regard to
the effects of gender match on mentees’ affective attitudes [7, 49, 62, 65]. Second, although there
is research showing ethnicity/race match benefited students from non-dominant communities
in terms of learning outcomes and their relationships with mentors [83, 97], there is no evi-
dence, to our knowledge, suggesting that ethnicity/race match affects mentees’ self-efficacy and
interest.

4.1.2 Campers. We used two groups of participants in the present study. The majority of youth
in the local app camps came from local schools, while the youth in the outreach camps were re-
cruited from nine schools across the state. Of note, these nine schools were serving a high number
of low-income students, where at least fifty percent of the student body were eligible for free or
reduced lunch. All our camps had only one inclusion criteria, which was gender proportion, as the
main goal of this study was to encourage girls’ participation.

The two groups were recruited using different strategies, thus resulting in two samples repre-
sentative of two different populations participating in out-of-school CS experiences. To recruit for
our local app camps, we used fliers, social media, local publications, and school email systems. By
contrast, the outreach camp participants were recruited by their school’s teachers and counselors
to participate in the outreach program.
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Table 1. Demographic Information of the Two Samples

Local App Camp Outreach App Camp
Ethnicity
LatinX 6% 25%

Race
Asian 10% 7%
Native American/Pacific Islander 1% 2%
Black/African American 1% 0
White 77% 84%
Multi-Racial 5% 5%
Other 6% 2%

Socio-economic status
Free/Reduced Lunch 19% 57%

4.2 Participants

In this section, we provide the demographic information of mentors and campers of the two
camps, as well as the information on campers’ parents’/guardians’ occupations and the final sam-
ples used for analyses. All participants came from a rural area in the Intermountain West of the
United States.

4.2.1 Mentors. Fifteen mentors participated in the local app camp (Female = 11, Male = 4;
average age = 15). Racial makeup included 86% White (n = 13), 7% Multi-racial (n =1), and 7%
Other (n =1). None reported being on free or reduced lunch.

Nine mentors participated in the outreach camp (Female = 5, Male = 4; average age = 15). Racial
makeup included 33% Asian (n = 3) and 67% White (n = 6). Thirty-three percent (n = 3) reported
being on free or reduced lunch.

4.2.2 Local App Camp Participants. We recruited 100 campers to attend the local app camps.
Two girls were not included in any data collection due to lack of parental consent. Thus, the
app camp sample consisted of 98 participants (Female = 58, Male = 40; average age = 12). Six
percent self-identified as LatinX. Racial makeup included 10.2% Asian (n = 10), 1.0% Black/African
American (n = 1), 1.0% Native American/Pacific Islander (n = 1), 76.5% White (n = 75), 5.1% Multi-
racial (n = 5), and 6.1% Other (n = 6). Nineteen percent of the campers (n = 19) self-reported being
on free or reduced lunch.

After preliminary analysis, we dropped 19 participants from the analysis due to the fact they had
attended our 2018 camps (n = 11) or they stopped attending after the first day (n = 8). Therefore,
our final number of participants used in this analysis was 87.

4.2.3 Outreach App Camp Participants. Forty-five campers attended the outreach camp
(Female = 20, Male = 25; average age = 13). One male was excluded from the analysis due to
lack of parental consent. Twenty-five percent self-identified as LatinX. Racial makeup included
6.8% Asian (n = 3), 2.3% Native American/Pacific Islander (n = 1), 84.1% White (n = 37), 4.5% Multi-
racial (n = 2), and 2.3% Other (n = 1). Fifty-seven percent of the campers (n = 25) reported being
on free or reduced lunch. One camper stopped attending midway through the camp and did not
complete the post-survey. Therefore, forty-three participants were used in the final analysis. None
of the outreach campers had attended the app camp before. Table 1 summarizes the demographic
information of the two samples.
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Table 2. Percentages of Unique Parent/Guardian Working in a Technical Field for Both Samples

Father-Only% (n) Mother-Only% (n) Both Parents% (n) Other
Local App Camp 30.4% (n = 21) 7.2% (n = 6) 5.5% (n = 4) 0
Outreach 16.7% (n = 5) 0 0 0

Note: These counts represent parents, because we had siblings in the App Camp.

Table 3. Previous Coding Experience of the Local App Camp and

Outreach Participants (Nlocal = 98, Noutreach = 31)

Some Experience No Experience
n % n %

Local App Camp 58 59% 40 41%
Outreach 18 58% 13 42%

Table 4. Campers’ Previous Coding Experience by Parents’ Technical Careers

(Nlocal = 98, Noutreach = 31)

Parent(s) in Tech Neither Parent in Tech Missing
Local App Camp n (%) n (%) n (%)
Some Experience 20 (20%) 35 (36%) 3 (3%)
No Experience 15 (15%) 25 (26%) 0

Outreach
Some Experience 4 (13%) 14 (45%) 0
No Experience 1 (3%) 12 (39%) 0

Note: Percentage was calculated as the proportion of each cell in the whole sample.

As studies on children’s career interest development and choice of STEM (science, technology,
engineering, and mathematics) careers showed that parents’ occupations and their knowledge of
STEM occupation related activities were important factors influencing children’s interest in these
fields [42, 101], we also collected information on parents’/guardian(s)’ occupations and whether
they worked in a technical field. Table 2 presents the percentages of parents working in a technical
field for both samples, which indicates that the local app camp sample had more parent(s) working
in a technical field than the outreach sample.

We also collected information on campers’ previous coding experience. The local app camp
participants provided this information as part of the application form. However, for the outreach
participants, we collected these data during the post-camp interviews. Of note, the local app camp
sample included 11 campers who repeated our camp. In addition, we only had the previous experi-
ence information for 31 out of 43 outreach campers. Table 3 summarizes the information of previ-
ous coding experience for both samples. We also conducted a cross-tabulation analysis on campers’
previous coding experience with parents’ technical careers. These are presented in Table 4.

4.3 Procedure and Data Sources

4.3.1 Quantitative Data. All campers took an affect survey on Day 1 (pre) and then again on
the last day of camp (post). Surveys were administered via Qualtrics, an online survey software.
For the purpose of this study, we only used the self-efficacy and interest scales. The self-efficacy
scale was adapted from Fennema and Sherman [31]. Although we were fully aware of the different
types of interest (i.e., situational interest vs. individual interest; see Section 2.3), it was difficult to
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differentiate them in practice as no precise measurements have been developed [82]. Therefore, we
adapted Deci et al.’s [24] and Ryan’s [88] scale on intrinsic motivation and Eccles and Wigfield’s
Self-and-Task-Perceptions Questionnaire [30], measures widely used in the motivation literature,
to measure students’ interest in and enjoyment of computer programming. Some of the example
questions used to measure self-efficacy included “I am confident in my ability to program comput-
ers” and “I can program computers well.” Sample items used to measure interest included “I enjoy
computer programming” and “I think computer programming is interesting.”

In addition to the affect survey, campers also completed an experience survey on the last day
of camp that we designed to measure their perceptions of mentor practices. This survey reflected
three aspects of mentor practices important in promoting mentees’ self-efficacy and interest: men-
tor modeling, instruction, and encouragement. Some of the example modeling questions included
“From watching my mentor, I have a better understanding of programming” and “My mentor in-
spired me to not quit even when programming got hard.” Example instruction questions included
“Mentor usually gave detailed explanations about programming concepts” and “My mentor usually
encourage me to think through the problem instead of telling me the answer right away.” Example
encouragement question included “My mentor encouraged me to program” and “My mentor was
supportive of my programming.”

All the affect and experience questions were written in an 8-point Likert scale with response
options ranging from strongly disagree (1) to strongly agree (8). Each scale contained several items,
and we derived a composite score for each scale by averaging the item scores.

4.3.2 Qualitative Data. On the last day of camp, we conducted brief exit interviews with the
outreach campers. Due to limited time, we used a cluster sample strategy to select interviewees.
We first grouped campers by their mentors. We then randomly selected campers from each men-
tor group to secure a sample of represented experiences. One of the randomly selected campers
declined to be interviewed. The total number of interviewed outreach campers was 31. The inter-
view was guided by a semi-structured protocol focusing on how the campers felt about the camp
and more specifically, how they felt about their mentors. All interviews were audio recorded and
transcribed verbatim.

4.4 Data Analysis

4.4.1 Quantitative Analysis. Quantitative analysis proceeded in a multiple-stage process. In
Stage One, we screened the data for possible data entry errors and univariate outliers. In the
local app camp data, we found an outlier of pre- interest, a participant who was approximately
four standard deviations below the group mean, z = −3.91. We deleted this data point and kept
the rest of the participants’ data. We did not find outliers in the outreach app camp group. We
then proceeded to examine the distributional properties of the data. We also conducted principal
component analysis (PCA) and reliability analysis to check if the data met psychometric standards.

As each set of the camps consisted of several sessions, in Stage Two, we conducted one-way fac-
torial analyses of covariance (ANCOVAs) on the post- self-efficacy and post- interest, respectively.
We used camp sessions and camper gender as factors and pre- camp scores as covariates. The pur-
pose of these analyses was to check for possible cluster effect of camp sessions and camper gender
on the variables of interest (i.e., post- self-efficacy and post- interest). In addition, we checked for
the equivalence of mentor practice between the two samples.

In the last stage, we ran significance tests to examine changes from pre- to post-test within
each sample, and regression analysis to compare the differences in post- self-efficacy and interest
between the participants of the local app camp and outreach app camp.
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Table 5. Reliabilities of Self-efficacy and Interest at Pre- and Post-Test by Groups

of Participants Using Cronbach’s Alpha

Construct Sample Pre Post
Self-Efficacy Local App Camp 0.88 0.90

Outreach 0.87 0.91
Interest Local App Camp 0.85 0.91

Outreach 0.94 0.93

Table 6. Descriptive Statistics of Mentor Practice Scales for Both Groups of

Participants and Mann-Whitney U Test (Nlocal = 81, Noutreach = 43)

Local App Camp Outreach Camp
Scale M (SD) Median M (SD) Median p
Mentor Modeling 6.86 (1.28) 7.17 6.77 (1.67) 7.67 0.47
Instruction 6.99 (1.19) 7.33 6.94 (1.46) 7.67 0.49
Encouragement 7.16 (1.20) 7.50 6.89 (1.42) 7.50 0.36

4.4.2 Testing Measures’ Psychometric Properties. Results of the PCAs indicated that both self-
efficacy and interest met unidimensionality at both measurement occasions (i.e., pre- and post-test)
for both groups of participants. Put differently, participants’ interpretations of the two measures
were consistent from pre- to post-test for both local app camp and outreach app camp participants.
Table 5 below presents the results of the reliability analysis, which tested the internal consistency
of a multi-item scale. All the Cronbach’s alpha coefficients (i.e. indices of reliability) were greater
than 0.85, suggesting that the measures of self-efficacy and interest were highly consistent across
time and samples.

All the experience scales (including mentor modeling, instruction, and encouragement) were
also unidimensional and reliable for both samples, Cronbach’s α > 0.81.

4.4.3 Checking for Cluster Effects. Results of the one-way ANCOVAs showed that controlling
for the corresponding pre-camp scores, camp sessions and camper gender were not significant
predictors of either post- self-efficacy or interest at alpha level of 0.05. In other words, participants’
post- self-efficacy and interest were not different by camp sessions and camper gender. Therefore,
the data for each sample were aggregated in the following analyses.

4.4.4 Checking for Equivalence of Mentor Practices. Since results of the mentor practice scales
were highly skewed, we conducted Mann-Whitney U test to compare whether the two groups
of participants perceived their mentors’ practices of modeling, instruction, and encouragement
differently. As Table 6 shows, none of the three practices showed significant difference, meaning
that mentors of the two groups practiced in similar ways in regard to modeling, instruction, and
encouragement.

4.4.5 Testing Changes. An exploratory descriptive analysis was conducted prior to significance
tests of changes. As Table 7 presents, the local app camp sample started slightly higher than the
outreach sample in both pre- self-efficacy (Mlocal = 4.59, SD = 1.73 vs. Moutreach = 4.30, SD = 1.76)
and interest (Mlocal = 6.69, SD = 1.08 vs. Moutreach = 6.44, SD = 1.62). Although the differences
in pre- self-efficacy and interest between the two samples were not statistically significant, the
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Table 7. Descriptive Statistics of Self-efficacy and Interest for Both Groups of

Participants at Both Measurement Occasions

Pre Post
Sample Var. M (SD) n M (SD) n
Local App Camp SE 4.59 (1.73) 87 5.99 (1.73) 79

II 6.69 (1.08) 86 7.75 (1.20) 79
Outreach SE 4.30 (1.76) 44 5.51 (1.70) 43

II 6.44 (1.62) 44 6.62 (1.54) 43

Note: M = mean; SD = standard deviation; SE = self-efficacy; II = interest.

outreach sample was more diverse in their initial interest than the local app camp participants (as
indicated by the standard deviations of pre- interest, SDoutreach = 1.62 vs. SDlocal = 1.08).

4.4.6 Testing Between-group Differences. We used regression analysis to test whether the camp
experience had similar effects on both the local app camp participants’ and the outreach camp
participants’ affective outcomes. The regression models specified post- self-efficacy and interest
as the outcome variables, and the corresponding pre- scores as the covariate. We used a dummy
variable to represent the two samples as the predictor variable.

4.4.7 Qualitative Analysis. The outreach group interview data were coded by two coders using
a combination of deductive and inductive coding [77]. First, both coders looked at campers’ expe-
rience, using open coding [93] strategy. As a result, all the instances where campers mention their
positive, negative, or mixed feelings about the camp and or the mentors were identified. These
were then coded deductively [77] as positive, negative or mixed. It is important to note here that
only two campers out of 31 expressed mixed feelings towards the camp while none reported neg-
ative or mixed feelings towards their mentors. Finally, we used narrative analysis [93] to unearth
nuances between different positive experiences of students. This analysis revealed that what stu-
dents liked the most about the camp was coding, while mentors were liked for being approachable,
helpful and motivating.

5 RESULTS

5.1 Changes in Self-efficacy

Our first research question asked about changes in self-efficacy after participating in our camps.
To look for differences from pre- to post-test, we conducted paired-sample t-tests. Results showed
that self-efficacy increased significantly from pre- to post-test for both local app camps, t(78) =
6.95, p < 0.001, Cohen’s d = 0.78, and the outreach app camps, t(42) = 4.76, p < 0.001, Cohen’s
d = 0.73. This suggests that the camp experience was effective for both groups in improving their
self-efficacy.

5.2 Changes in Interest

Our second research question asked about changes in interest after participating in our camps. Our
data did not meet assumptions of normality, which is quite common when dealing with Likert-scale
data [51]. Thus, we conducted Wilcoxon signed-rank tests. Results showed that the local app camp
sample had a significant gain in interest after attending the camp, Z = 4.78, p < 0.001, r = 0.54. The
descriptive statistics of the outreach app camp sample indicated a higher mean of post-interest (M
= 6.62) than pre-interest (M = 6.44). However, the significance test showed that this difference was
not significant, Z = 0.78, p = 0.44, r = 0.12.
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5.3 Comparing Results of the two Groups in Self-efficacy and Interest

Our third research questions tested for the differences in self-efficacy and interest after attending
our camps between the two samples. The result of the self-efficacy model indicated that controlling
for the initial difference, group membership (i.e., whether a participant was with the local app
camp or the outreach camp) was not a significant predictor of their post-self-efficacy, β = −0.11, t
= −1.35, p = 0.18, with the local app camp as the reference group. This finding suggests that the
camp experience did not differentially affect the two samples in terms of self-efficacy.

However, the result of the interest model showed that controlling for pre-interest differences and
using the local app camp as the reference group, group membership was a significant predictor
of post-interest, β = −0.16, t = −2.48, p = 0.015. This suggests that the camp experience had a
differential effect on the two samples in regard to increasing their interest. More precisely, it was
effective for the increase in interest of the local app camp sample. However, it was not effective
for increasing the interest of the outreach sample. Possible reasons for this differential effect are
explored in the Discussion section.

5.4 Qualitative Findings on the Outreach Group’s Camp Experience

5.4.1 Camp Experience. We wanted to know how the participants in the outreach camps felt
about their camp experience and specifically, what they thought about their mentors. All of the 31
participants expressed positive feelings towards the camp, using words such as “like” [the camp]
(n = 5), “fun” (n = 17), “good” (n = 3) or “great” (n = 4), “never bored” (n = 1), and “awesome” (n =
1). When asked to explain why, most campers (n = 17) responded that they liked the coding. This
ranged from finding it to be a “really fun experience,” to enjoying the creation of specific artifacts
(e.g., apps). The following quote illustrates one such explanations:

Camper: “I really like the coding part and making games and then messing around with them.”
In other words, this camper felt that coding, and coding games in particular, was what they

especially liked about the camp. That and the ability to then “mess” around with what they created
was what they liked the most.

Other responses referred to the ability to personalize the apps that they made, sometimes re-
ferring to specific apps (n = 5), while the rest said “everything” about the camp was enjoyable, or
they referred to camp activities other than coding (n = 7).

While most of the responses were positive in reference to the camp experience, there was one
camper who liked coding the apps, but thought the content of the apps was often “boring” and
wished that they could have programmed more games.

Of note, there did not seem to be any differences based on their prior experience or gender. Both
boys and girls enjoyed the camp as well as youth who had prior coding experience and those who
did not. For example, one boy stated that “It’s fun to code ‘cause [sic] [he’s] never coded before. And
I feel like it’s fun.” Similarly, a girl, who had no previous coding experience, recounted that, “[The
camp]’s pretty good. Like the apps are really amazing. Coding is really great.” However, another
girl, who had coded before and in different programming platforms, including App Inventor and
for “a long time,” said:

“I just really like coding and stuff like that. And I like the drag-and-drop techniques. Like it’s
not too hard, but still, like hard enough for it to be entertaining.”

As it can be seen from that excerpt, even youth with prior experience found the camp
entertaining.

Despite the overall positive feelings towards the camp and coding, two campers had mixed
feelings and expressed their dislikes. For example, one camper felt that the camp was “a bit long”
but still “fun.” Another camper considered the interviews that the mentors conducted after each
app to be “boring”:
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“I like some of the coding, how we get to learn new stuff. I think some of it interests me, but
others just wasn’t [sic]. Because some of it just didn’t interest me, because it was just like, repeating
the same thing. I like learning the new things, and then just doing the same old thing just got kind
of tiring to me. So, it’s getting boring.”

Here, we see a camper with mixed feelings. On the one hand, they enjoyed learning new things.
On the other hand, they were bored by repetitive things. When probed more about what they did
not like, the camper said:

“. . . The questions. They’re so boring, you’re just like, the questions like after you do them, you
kind of just want to go on to the next app to do it. But you have to do the interview after and it
just gets boring. So, you’re just like, waiting for it to be done.”

Having to talk about each app after coding it was “boring” and “tiring” for this particular camper.
However, as mentioned above, despite the few negative comments, the overall sentiment towards
the camp was favorable.

5.4.2 Experience with Mentors. All the campers had only positive things to say about their
mentors. They often described the mentors as “nice,” “fun,” and “friendly.” Things that campers
appreciated about their mentors were their approachability, helpfulness, and ability to motivate.

As mentors were in charge of a group of five or six campers, their job was to be in close prox-
imity to their campers. For that reason, they were perceived as being “right there” and willing
to help when needed. Next, mentors were described as someone who helped them “understand
more,” helped them “understand how to work (...) the blocks” or someone who helped them if
they needed an explanation or had a question. Finally, interactions with near-peer mentors were
often motivating as the mentors shared their experience with app making and brought “positive
energy” or encouraged them to keep working on their code. This is illustrated in the following
quote:

“Well, it’s been nice, because there are times when I get really, really tired. And he’s always like,
you have to keep doing it. And that helps, because he gives me the motivation I need, even when
I don’t want to do it.”

In other words, this camper appreciated when the mentor took the time to encourage them to
keep working on their code, as it was hard for them to find self-motivation when tired.

A lot of these comments came from boys talking about girl mentors and girls talking about
boy mentors. In other words, we did not find that gender of the mentor made a difference in how
campers perceived their mentors. The following quote is a quote from an interview with a male
camper talking about his female mentor:

“Oh, she’s been really nice to all the people, not just me. She’s been, she’s been great. Whenever
I need her help, but she’ll, she’ll not tell me the answer. But she’ll just like, lead me through it. And
then I’ll eventually get it. And yeah, she’s taught me.”

In other words, not only did he appreciate the help he received and the form it was received in
(i.e., she was helping him think through the problems and not “tell [him] the answer”), but he also
observed that the mentor was “nice to all people” around him. All this contributed to his positive
perception of the mentor and his overall experience.

Similarly, a female camper talked equally positively about her male mentor:
“He’s... he’s good. Because he shows us the apps he made and tell us what to do and, and showed

us a lot. So that’s pretty good.”
As illustrated by this quote, the male mentor was well-received by this female camper, because

he was sharing his artifacts, while also helping and instructing.
In response to their feelings about the mentors, 24 of the campers were additionally asked if

there was anything or anyone that they felt helped them change their coding abilities during the
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camp. This question was not in the original protocol, which is why seven campers were not asked
this question.

Out of those who were asked (n = 24) this question, 15 specifically mentioned their mentor.
Other responses included “the instructors” (n = 1), themselves (n = 1), the instructions (n = 3),
“being in a group” (n = 1), learning where the blocks went (n = 1) or “I don’t know” (n = 2). The
majority of the campers, however, attributed their change in coding skills to working with their
mentor.

6 DISCUSSION

Providing access to CS education to youth in low income areas and securing that diverse popu-
lations participate are two of the four main facets necessary for securing equity in CS education
[107]. With these in mind, we designed a study that expands on existing research on self-efficacy
and interest in CS, e.g., [2, 12, 14, 15, 56, 59, 96] and our own previous work, e.g., References [20,
21]. While numerous studies have been designed to affect youths’ attitudes towards CS, e.g., [74,
86, 90, 103], our review shows that there is still no definitive conclusion on what design features
are effective in improving self-efficacy and interest. Furthermore, there is also lack of evidence to
show the efficacy of some design features that proved to work for one population is transferrable
to another population. In this study, we compared the effects of our camp on the affective attitude
of youths from two different populations: one representing the local community and the other rep-
resenting youth with diverse ethnic/racial background and from low-income high-poverty areas.

One primary goal of the present study was to investigate the effects of our camp design on
self-efficacy. Our findings showed that our camp design was effective in increasing self-efficacy
for both samples. This result is consistent with our previous studies, where different cohorts of
participants in the local app camp improved their self-efficacy after attending the camp (see [18,
21]). In addition, the present study confirmed the effectiveness of our camp in improving the self-
efficacy with a diverse population of youth. While we did not specifically ask about self-efficacy,
the majority of the outreach campers attributed their growth in coding skills to their mentors.
The mentors provided support, help, and were approachable, which are possible reasons for the
significant increase in self-efficacy. This aligns to previous research that found mentor support
[21], mentor relatability [19], and mentor modeling [99] were related to increases in self-efficacy.

Despite its comparable effects on the two samples in respect to self-efficacy, the present camp
design affected the interest of the two samples in slightly different ways. The app camp partic-
ipants reported a significant gain in interest whereas the outreach participants reported gain in
interest, but it was not significant. To explain this difference, we compared the quantitative find-
ings to qualitative findings. The comparison revealed a congruity in terms of mentor practices and
camp enjoyment. Specifically, there was no statistical evidence indicating that mentors of the two
camps approached the campers differently. However, the qualitative finding showed a positive and
beneficial mentorship between the outreach campers and their mentors. Additionally, there was
also qualitative evidence showing that regardless of their prior coding experience, the majority
of the outreach campers enjoyed the camp and coding, which is congruent with the high interest
observed in the post-camp test (Outreach Mpost = 6.62).

Given these findings, the reason for the non-significant interest gain is most likely due to the
self-selection bias between the outreach and local app participants in terms of their initial interest.
While in most cases, parents signed the local app camp youth up, the outreach participants were
exclusively recruited by schoolteachers. This means that the local app camp participants were
likely to start with a maintained situational interest or even an emerging individual interest, while
some of the outreach participants might have started with little interest. Specifically, our data
showed that compared to the outreach youth, more of the local app camp youth were from families
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where one or both parents had a technical background. This may mean that the local app camp
youth had more resources from the perspective of interest development than the outreach youth.
For the former, attending our camp was only another way they used to maintain an already existing
interest in CS. According to Hidi and Renninger [46, 82], when interest is maintained through
repeated engagement, it is easier to deepen or evolve into a higher state of interest, which may be
why we are seeing a significant increase in interest for this particular group.

However, our data showed that compared to the local app camp participants, fewer outreach
participants had both prior coding experience and a parent working in a technical field. To say it
differently, of our outreach participants, 39% had neither previous coding experience nor a parent
working in a technical field compared to 26% of the local app camp sample (see Section 4.2.3).
As Hidi and Renninger [46] noted, interest is the outcome of an interaction of person, content,
and environment, and content and environment contribute to interest development. There is also
research that indicates when parents value something their children tend to value it too, which
can then lead to interest development [44]. For example, having conversations about the value
of CS and the opportunities afforded by studying CS, parents could influence their child’s value
and potential interest in CS [18, 44]. Therefore, not having parents who work in a technical field,
not having parents who knowingly seek CS opportunities, or not having parents who model CS
values in addition to not having access to CS in their daily life are potential barriers for youth to
develop an interest in CS. Note that this is not a comment on the parents or guardians. Another
way to consider this is that when parents lack access to resources their children may also lack
access to resources. While we try to model the value of CS in our camp activities and show videos
of relatable models talking about their experience in CS, for 39% of the youth in the outreach camp,
our camp was their first exposure to these ideas. As the descriptive statistics show, the outreach
youth reported more variability in their initial interest, with some youth reporting lower interest
than others. This means that at least for some of the outreach youth, it requires more effort to
trigger their interest compared to those with prior experience. In other words, since our camp was
only five-days long, more exposure may be needed to trigger the interest of those who are in the
incipient phase of interest development. Furthermore, the qualitative data indicated that most of
the outreach youth enjoyed the camp and coding, which suggests that our camp had promoted a
situational interest among the outreach youth. However, this interest may not be stable in its early
stages of development. For example, Scaico et al. [95], in their research on trajectories of interest
in a programming class, found that interest can be “volatile at the initial phases of its development
and responsive to what comes from the environment” (p. 20). Recall that one of the campers liked
“some of the coding” but did not like talking to their mentor about their app after they finished
coding, because it was “boring” and “tiring.”

Our findings on the increase in self-efficacy and interest among the outreach group (although
the latter was not significant) indicate that the camp design has the potential to promote a pos-
itive affect among youth from low income high poverty areas. Also, as Bandura [9] noted, there
sometimes is a temporal lag between self-efficacy and interest, meaning that a high sense of self-
efficacy does not lead to an immediate change in interest. However, with multiple exposures in the
future, we believe, this positive feeling can transform into a genuine interest, which emphasizes
the importance of providing access to CS education opportunities in low income and rural areas
(see [107]).

6.1 Implications for Future Design

To promote interest for youth who do not self-select to participate in CS, we may need to better
design to the needs of participants with lower initial interest. Harackiewicz, Smith, and Priniski
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[45] proposed four interest-enhancing strategies: attention-getting settings, contexts that evoke
prior individual interest, problem-based learning, and enhancement of utility value (i.e., perceived
value of an activity). We describe how some of these strategies could be used in camp design
below.

Our camps run for 3 hours a day over a 5-day period. We condense a lot of coding and debugging
practices into the week. There are some social activities, but the emphasis is placed on coding the
apps. While some campers are very content with coding for 3 hours straight, it could be that initial
stages of interest development are better supported by shorter coding sessions over a longer period
of time. Or, if limited to a camp-like structure, then each day could be broken up with activities
away from the computer such as playing with interactive apps or engaging in unplugged activities
around coding that can offer other entry points into coding concepts (e.g., tabletop games). Also,
while we allow for personalization of apps, we designed a curriculum where campers follow a
sequence of apps. While we have a lot of options for more advanced coders to stray from this
curriculum, we could build more choices into our curriculum sequence that allow emerging coders
to make choices about possible apps to code in the initial stages of interest development. This could
involve dividing the content into concepts and providing choices of two to three different apps and
creating a branching structure of apps rather than our current model that is more linear. Or rather
than a few simple apps that get at multiple concepts, allow youth to engage in interest driven app
design [5, 79].

In future research, we would like to run some focus groups with youth in the outreach program
and find out more about their interests and how we can build connections between their lives and
what we do in the camp. If we help them see the value in what they are doing and how it relates
to their lives, then we may be more successful in increasing interest.

7 LIMITATIONS AND FUTURE DIRECTIONS

Our study has a few notable limitations. First, we only looked at the immediate camp effects on the
participants’ self-efficacy and interest. Future studies could focus on the camp’s long-term effects,
that is, whether the high sense of self-efficacy and interest is sustained over time and/or whether
interest evolves into a higher state. Second, our study only investigated the effectiveness of our
camp design from a holistic perspective. Local experiences of individual campers, such as what
the learning processes of campers of different backgrounds were like or whether the curriculum
was accessible to all the campers, could be explored to advance the understanding of our camp
design to different populations. This would involve an intersectionality approach that accounts
understanding of individual experiences while also taking into account systems of inequality, e.g.,
[100]. Third, while we have placed an emphasis on self-efficacy and interest, we have not explored
camper’s sense of belonging in CS (which is related to students’ affect) and whether they feel
accepted and valued, e.g., [66].

8 CONCLUSION

Broadening participation in CS is still a national priority [72]. In this research, we showed that our
camps were successful in increasing participants’ self-efficacy, but there is still work to be done
to increase interest of youth who come from low income high poverty areas, where access to CS
education opportunities is limited. Whether through informal programs or formal school settings,
we need to design experiences that allow youth to build connections between their lives and CS. If
we help youth see the value in what they are doing and how it relates to their lives, then we may
be more successful in increasing interest.

ACM Transactions on Computing Education, Vol. 20, No. 4, Article 30. Publication date: November 2020.



30:18 J. Clarke-Midura et al.

REFERENCES

[1] Mohammed Al-Bow, Debra Austin, Jeffrey Edgington, Rafael Fajardo, Joshua Fishburn, Carlos Lara, Scott Leuteneg-

ger, and Susan Meyer. 2009. Using game creation for teaching computer programming to high school students and

teachers. ACM SIGCSE Bull. 41, 3 (2009), 104–108.

[2] Amnah Alshahrani, Isla Ross, and Murray I. Wood. 2018. Using social cognitive career theory to understand

why students choose to study computer science. In Proceedings of the ACM Conference on International Comput-

ing Education Research (ICER’18). Association for Computing Machinery, New York, NY, 205–214. DOI:https://

doi.org/10.1145/3230977.3230994

[3] Chulakorn Aritajati, Mary Beth Rosson, Joslenne Pena, Dana Cinque, and Ana Segura. 2015. A socio-cognitive anal-

ysis of summer camp outcomes and experiences. In Proceedings of the 46th ACM Technical Symposium on Computer

Science Education. ACM, 581–586.

[4] Catherine Ashcraft, Elizabeth Eger, and Michelle Friend. 2012. Girls in iT: The facts. National Center for Women & IT.

Boulder, CO. Retrieved from http://www.bgwomeninict.org/language/en/uploads/files/documents__0/documents_

_4f2236edd9c4aefc792678bbb3c58e63.pdf.

[5] Flávio S. Azevedo. 2013. The tailored practice of hobbies and its implication for the design of interest-driven learning

environments. J. Learn. Sci. 22, 3 (2013), 462–510. DOI:https://doi.org/10.1080/10508406.2012.730082

[6] Lecia J. Baker, Eric Snow, Kathy Garvin-Doxas, and Tim Weston. 2006. Recruiting middle school girls into IT: Data

on girls’ perceptions and experiences from a mixed-demographic group. In Women and Information Technology:

Research on Underrepresentation., J. McGrath Cohoon and William Aspray (Eds.). MIT Press, Cambridge, MA.

[7] Yael M. Bamberger. 2014. Encouraging girls into science and technology with feminine role model: Does this work?

J. Sci. Educ. Technol. 23, 4 (2014), 549–561. DOI:https://doi.org/10.1007/s10956-014-9487-7

[8] Albert Bandura. 1977. Self-efficacy: Toward a unifying theory of behavioral change. Psychol. Rev. 84, 2 (1977), 191.

[9] Albert Bandura. 1986. Social Foundations of Thought and Action: A Social Cognitive Theory. Prentice Hall, Engle-

wood Cliffs, NJ.

[10] Albert Bandura. 1997. Self-efficacy: The Exercise of Control. Macmillan, New York, NY. Retrieved from https://doi.

org/10.1007/SpringerReference_223312.

[11] Sylvia Beyer. 2008. Gender differences and intra-gender differences amongst management information systems stu-

dents. J. Info. Syst. Edu. 19, 3 (2008), 301.

[12] Sylvia Beyer. 2014. Why are women underrepresented in Computer Science? Gender differences in stereotypes,

self-efficacy, values, and interests and predictors of future CS course-taking and grades. Comput. Sci. Edu. 24, 2–3

(2014), 153–192. DOI:https://doi.org/10.1080/08993408.2014.963363

[13] Sylvia Beyer and Susan Haller. 2006. Gender differences and intragender differences in computer science students:

Are female cs majors more similar to male cs majors or female nonmajors? JWM 12, 4 (2006). DOI:https://doi.org/

10.1615/JWomenMinorScienEng.v12.i4.50

[14] Sylvia Beyer, Kristina Rynes, Julie Perrault, Kelly Hay, and Susan Haller. 2003. Gender differences in computer

science students. In Proceedings of the 34th Technical Symposium on Computer Science Education (SIGCSE’03). ACM,

Reno, NV, 49–53. DOI:https://doi.org/10.1145/611892.611930

[15] Jennifer M. Blaney and Jane G. Stout. 2017. Examining the relationship between introductory computing course

experiences, self-efficacy, and belonging among first-generation college women. In Proceedings of the ACM SIGCSE

Technical Symposium on Computer Science Education (SIGCSE’17). Association for Computing Machinery, New York,

NY, 69–74. DOI:https://doi.org/10.1145/3017680.3017751

[16] Jennifer Burg, V. Paúl Pauca, William Turkett, Errin Fulp, Samuel S. Cho, Peter Santago, Daniel Cañas, and H. Donald

Gage. 2015. Engaging non-traditional students in computer science through socially-inspired learning and sustained

mentoring. In Proceedings of the 46th ACM Technical Symposium on Computer Science Education (SIGCSE’15). ACM,

New York, NY, 639–644. DOI:https://doi.org/10.1145/2676723.2677266

[17] Jody Clarke-Midura, Victor R. Lee, Jessica F. Shumway, and Megan M. Hamilton. 2019. The building blocks of coding:

A comparison of early childhood coding toys. Info. Learn. Sci. (2019). DOI:https://doi.org/10.1108/ILS-06-2019-0059

[18] Jody Clarke-Midura, Frederick J. Poole, Katarina Pantic, Chongning Sun, and Vicki Allan. 2018. How mother and

father support affect youths’ interest in computer science. In Proceedings of the 2018 ACM Conference on Interna-

tional Computing Education Research (ICER’18). ACM, New York, NY, 215–222. DOI:https://doi.org/10.1145/3230977.

3231003

[19] Jody Clarke-Midura, Frederick Poole, Katarina Pantic, Megan Hamilton, Chongning Sun, and Vicki Allan. 2018. How

near peer mentoring affects middle school mentees. In Proceedings of the 49th ACM Technical Symposium on Computer

Science Education (SIGCSE’18). ACM, New York, NY, 664–669. DOI:https://doi.org/10.1145/3159450.3159525

[20] Jody Clarke-Midura, Chongning Sun, Megan Marie Hamilton, Katarina Pantic, Frederick Poole, and Vicki Allan.

2018. Near-peer mentoring as a way to foster self-efficacy in informal computer science environments. In Roundtable,

Toronto, Canada.

ACM Transactions on Computing Education, Vol. 20, No. 4, Article 30. Publication date: November 2020.

https://doi.org/10.1145/3230977.3230994
https://doi.org/10.1145/3230977.3230994
http://www.bgwomeninict.org/language/en/uploads/files/documents__0/documents__4f2236edd9c4aefc792678bbb3c58e63.pdf
http://www.bgwomeninict.org/language/en/uploads/files/documents__0/documents__4f2236edd9c4aefc792678bbb3c58e63.pdf
https://doi.org/10.1080/10508406.2012.730082
https://doi.org/10.1007/s10956-014-9487-7
https://doi.org/10.1007/SpringerReference_223312
https://doi.org/10.1007/SpringerReference_223312
https://doi.org/10.1080/08993408.2014.963363
https://doi.org/10.1615/JWomenMinorScienEng.v12.i4.50
https://doi.org/10.1615/JWomenMinorScienEng.v12.i4.50
https://doi.org/10.1145/611892.611930
https://doi.org/10.1145/3017680.3017751
https://doi.org/10.1145/2676723.2677266
https://doi.org/10.1108/ILS-06-2019-0059
https://doi.org/10.1145/3230977.3231003
https://doi.org/10.1145/3230977.3231003
https://doi.org/10.1145/3159450.3159525


Making Apps: An Approach to Recruiting Youth to Computer Science 30:19

[21] Jody Clarke-Midura, Chongning Sun, Katarina Pantic, Frederick Poole, and Vicki Allan. 2019. Using informed de-

sign in informal computer science programs to increase youths’ interest, self-efficacy, and perceptions of parental

support. ACM Trans. Comput. Educ. 19, 4 (2019), 37:1–37:24. DOI:https://doi.org/10.1145/3319445

[22] College Board. 2018. AP Program Participation and Performance Data 2017. Retrieved from https://research.

collegeboard.org/programs/ap/data/participation/ap-2017.

[23] Computing Research Association. 2016. Generation CS: Report on CS enrollment. CRA. Retrieved from https://cra.

org/data/generation-cs/.

[24] Edward L. Deci, Haleh Eghrari, Brian C. Patrick, and Dean R. Leone. 1994. Facilitating Internalization: The self-

determination theory perspective. J. Personal. 62, 1 (1994), 119–142. DOI:https://doi.org/10.1111/j.1467-6494.1994.

tb00797.x

[25] Jennifer Dempsey, Richard T. Snodgrass, Isabel Kishi, and Allison Titcomb. 2015. The emerging role of self-

perception in student intentions. In Proceedings of the 46th ACM Technical Symposium on Computer Science Education

(SIGCSE’15). Association for Computing Machinery, New York, NY, 108–113. DOI:https://doi.org/10.1145/2676723.

2677305

[26] Jill Denner, Linda Werner, L. O’Connor, and J. Glassman. 2014. Community college men and women: A test of

three widely held beliefs about who pursues computer science. Commun. Coll. Rev. 42, (2014), 342–362. DOI:
https://doi.org/10.1177/0091552114535624

[27] Anita DeWitt, Julia Fay, Madeleine Goldman, Eleanor Nicolson, Linda Oyolu, Lukas Resch, Jovan Martinez Saldaña,

Soulideth Sounalath, Tyler Williams, and Kathryn Yetter. 2017. Arts coding for social good: A pilot project for

middle-school outreach. In Proceedings of the ACM SIGCSE Technical Symposium on Computer Science Education.

ACM, 159–164.

[28] Daryl D’Souza, Margaret Hamilton, James Harland, Peter Muir, Charles Thevathayan, and Cecily Walker. 2008.

Transforming learning of programming: A mentoring project. In Proceedings of the 10th Conference on Australasian

Computing Education—Volume 78 (ACE’08). Australian Computer Society, Inc., Darlinghurst, Australia, Australia,

75–84. Retrieved from http://dl.acm.org/citation.cfm?id=1379249.1379256.

[29] Wendy DuBow and L. James-Hawkins. 2016. What influences female interest and persistence in computing?: Pre-

liminary findings from a multiyear study. Comput. Sci. Engineer. 18, 2 (2016), 58–67. DOI:https://doi.org/10.1109/

MCSE.2016.20

[30] Jacquelynne S. Eccles and Allan Wigfield. 1995. In the mind of the actor: The structure of adolescents’ achievement

task values and expectancy-related beliefs. Pers. Soc. Psychol. Bull. 21, 3 (1995), 215–225. DOI:https://doi.org/10.1177/

0146167295213003

[31] Elizabeth Fennema and Julia A. Sherman. 1976. Fennema-sherman mathematics attitudes scales: Instruments de-

signed to measure attitudes toward the learning of mathematics by females and males. J. Res. Math. Edu. 7, 5 (1976),

324–326.

[32] Deborah Fields, Lisa Quirke, Tori Horton, Jason Maughan, Xavier Velasquez, Janell Amely, and Katarina Pantic.

2016. Working toward equity in a constructionist scratch camp lessons learned in applying a studio design model.

Bangkok, Thailand.

[33] Allan Fisher, Jane Margolis, and Faye Miller. 1997. Undergraduate women in computer science: Experience, moti-

vation and culture. In ACM SIGCSE Bulletin. ACM, 106–110. DOI:https://doi.org/10.1145/268085.268127

[34] Michelle Friend. 2015. Middle school girls’ envisioned future in computing. Comput. Sci. Edu. 25, 2 (2015), 152–173.

DOI:https://doi.org/10.1080/08993408.2015.1033128

[35] Gerald C. Gannod, Janet E. Burge, Victoria McIe, Maureen Doyle, and Karen C. Davis. 2014. Increasing awareness

of computer science in high school girls. In Proceedings of the IEEE Frontiers in Education Conference (FIE’14). 1–8.

DOI:https://doi.org/10.1109/FIE.2014.7044456

[36] T. St Georgiev. 2019. Students’ viewpoint about using MIT app inventor in education. In Proceedings of the 42nd Inter-

national Convention on Information and Communication Technology, Electronics and Microelectronics (MIPRO’19).

611–616. DOI:https://doi.org/10.23919/MIPRO.2019.8756671

[37] Sandy Graham and Celine Latulipe. 2003. CS girls rock: Sparking interest in computer science and debunking the

stereotypes. In ACM SIGCSE Bulletin. ACM, 322–326.

[38] Kenneth E. Graves and Leigh Ann DeLyser. 2017. Interested in class, but not in the hallway: A latent class analysis

(LCA) of CS4All student surveys. In Proceedings of the ACM SIGCSE Technical Symposium on Computer Science

Education (SIGCSE’17). Association for Computing Machinery, New York, NY, 243–248. DOI:https://doi.org/10.1145/

3017680.3017722

[39] Shuchi Grover and Roy Pea. 2013. Computational thinking in K–12: A review of the state of the field. Education. Res.

42, 1 (2013), 38–43. DOI:https://doi.org/10.3102/0013189X12463051

[40] Denise Gürer and Tracy Camp. 2002. An ACM-W literature review on women in computing. SIGCSE Bull. 34, 2

(2002), 121–127. DOI:https://doi.org/10.1145/543812.543844

ACM Transactions on Computing Education, Vol. 20, No. 4, Article 30. Publication date: November 2020.

https://doi.org/10.1145/3319445
https://research.collegeboard.org/programs/ap/data/participation/ap-2017
https://research.collegeboard.org/programs/ap/data/participation/ap-2017
https://cra.org/data/generation-cs/
https://cra.org/data/generation-cs/
https://doi.org/10.1111/j.1467-6494.1994.tb00797.x
https://doi.org/10.1111/j.1467-6494.1994.tb00797.x
https://doi.org/10.1145/2676723.2677305
https://doi.org/10.1145/2676723.2677305
https://doi.org/10.1177/0091552114535624
http://dl.acm.org/citation.cfm?id=1379249.1379256
https://doi.org/10.1109/MCSE.2016.20
https://doi.org/10.1109/MCSE.2016.20
https://doi.org/10.1177/0146167295213003
https://doi.org/10.1177/0146167295213003
https://doi.org/10.1145/268085.268127
https://doi.org/10.1080/08993408.2015.1033128
https://doi.org/10.1109/FIE.2014.7044456
https://doi.org/10.23919/MIPRO.2019.8756671
https://doi.org/10.1145/3017680.3017722
https://doi.org/10.1145/3017680.3017722
https://doi.org/10.3102/0013189X12463051
https://doi.org/10.1145/543812.543844


30:20 J. Clarke-Midura et al.

[41] Denise Gürer and Tracy Camp. 2003. Investigating the incredible shrinking pipeline for women in com-

puter science. Retrieved from /paper/Investigating-the-Incredible-Shrinking-Pipeline-for-Denise-Camp/

548a891c28203afc0c92092443f81daadd2219f1.

[42] Cathy Hall, Jeremy Dickerson, David Batts, Paul Kauffmann, and Michael Bosse. 2011. Are we missing opportunities

to encourage interest in STEM fields? J. Technol. Edu. 23, 1 (2011).

[43] Judith M. Harackiewicz, Kenneth E. Barron, John M. Tauer, Suzanne M. Carter, and Andrew J. Elliot. 2000. Short-term

and long-term consequences of achievement goals: Predicting interest and performance over time. J. Edu. Psychol.

92, 2 (2000), 316–330. DOI:https://doi.org/10.1037/0022-0663.92.2.316

[44] Judith M. Harackiewicz, Christopher S. Rozek, Chris S. Hulleman, and Janet S. Hyde. 2012. Helping parents to

motivate adolescents in mathematics and science: An experimental test of a utility-value intervention. Psychol. Sci.

23, 8 (2012), 899–906. DOI:https://doi.org/10.1177/0956797611435530

[45] Judith M. Harackiewicz, Jessi L. Smith, and Stacy J. Priniski. 2016. Interest matters: The importance of promoting

interest in education. Retrieved from https://journals.sagepub.com/doi/full/10.1177/2372732216655542.

[46] Suzanne Hidi and K. Ann Renninger. 2006. The four-phase model of interest development. Education. Psychol. 41, 2

(2006), 111–127. DOI:https://doi.org/10.1207/s15326985ep4102_4

[47] John L. Holland. 1973. Making Vocational Choices: A Theory of Careers. Engelwood Cliffs.

[48] John L. Holland. 1997. Making Vocational Choices: A Theory of Vocational Personalities and Work Environments,

3rd ed. Psychological Assessment Resources, Odessa, FL.

[49] Vincent Hoogerheide, Sofie M. M. Loyens, and Tamara van Gog. 2016. Learning from video modeling examples:

Does gender matter? Instr. Sci. 44, 1 (2016), 69–86. DOI:https://doi.org/10.1007/s11251-015-9360-y

[50] Caitlin Hulsey, Toni B. Pence, and Larry F. Hodges. 2014. Camp CyberGirls: Using a virtual world to introduce

computing concepts to middle school girls. In Proceedings of the 45th ACM Technical Symposium on Computer Science

Education. ACM, 331–336.

[51] Susan Jamieson. 2004. Likert scales: how to (ab) use them. Med. Edu. 38, 12 (2004), 1217–1218.

[52] Yasmin Kafai, Jean Griffin, Quinn Burke, Michelle Slattery, Deborah Fields, Rita Powell, Michele Grab, Susan David-

son, and Joseph Sun. 2013. A cascading mentoring pedagogy in a CS service-learning course to broaden participation

and perceptions. In Proceeding of the 44th ACM Technical Symposium on Computer Science Education (SIGCSE’13).

ACM, Denver, Colorado, 101–106. DOI:https://doi.org/10.1145/2445196.2445228

[53] Shereen Khoja, Camille Wainwright, Juliet Brosing, and Jeffrey Barlow. 2012. Changing girls’ attitudes towards

computer science. J. Comput. Sci. Coll. 28, 1 (2012), 210–216.

[54] Päivi Kinnunen and Beth Simon. 2011. CS majors’ self-efficacy perceptions in CS1: results in light of social cognitive

theory. In Proceedings of the 7th International Workshop on Computing Education Research (ICER’11). Association for

Computing Machinery, New York, NY, 19–26. DOI:https://doi.org/10.1145/2016911.2016917

[55] Antti-Jussi Lakanen and Tommi Kärkkäinen. 2019. Identifying pathways to computer science: The long-term im-

pact of short-term game programming outreach interventions. ACM Trans. Comput. Educ. 19, 3 (2019), 20:1–20:30.

DOI:https://doi.org/10.1145/3283070

[56] Kathleen J. Lehman, Linda J. Sax, and Hilary B. Zimmerman. 2016. Women planning to major in computer science:

Who are they and what makes them unique? Comput. Sci. Edu. 26, 4 (2016), 277–298. DOI:https://doi.org/10.1080/

08993408.2016.1271536

[57] Robert W. Lent, Steven D. Brown, and Gail Hackett. 1994. Toward a unifying social cognitive theory of career and

academic interest, choice, and performance. J. Vocation. Behav. 45, 1 (1994), 79–122. DOI:https://doi.org/10.1006/

jvbe.1994.1027

[58] Robert W. Lent, Antonio M. Lopez, Frederick G. Lopez, and Hung-Bin Sheu. 2008. Social cognitive career theory

and the prediction of interests and choice goals in the computing disciplines. J. Vocation. Behav. 73, 1 (2008), 52–62.

DOI:https://doi.org/10.1016/j.jvb.2008.01.002

[59] Guan-Yu Lin. 2016. Self-efficacy beliefs and their sources in undergraduate computing disciplines: An exami-

nation of gender and persistence. J. Education. Comput. Res. 53, 4 (2016), 540–561. DOI:https://doi.org/10.1177/

0735633115608440

[60] Hilary M. Lips and Linda Temple. 1990. Majoring in computer science: Causal models for women and men. Res. High

Edu. 31, 1 (1990), 99–113. DOI:https://doi.org/10.1007/BF00992559

[61] Alex Lishinski and Joshua Rosenberg. 2020. Accruing interest: What experiences contribute to students developing

a sustained interest in computer science over time? In Proceedings of the 51st ACM Technical Symposium on Computer

Science Education (SIGCSE’20). Association for Computing Machinery, New York, NY, 1414. DOI:https://doi.org/10.

1145/3328778.3372568

[62] Penelope Lockwood. 2006. “Someone like me can be successful”: Do college students need same-gender role models?

Psychol. Women Quart. 30, 1 (2006), 36–46. DOI:https://doi.org/10.1111/j.1471-6402.2006.00260.x

ACM Transactions on Computing Education, Vol. 20, No. 4, Article 30. Publication date: November 2020.

/paper/Investigating-the-Incredible-Shrinking-Pipeline-for-Denise-Camp/548a891c28203afc0c92092443f81daadd2219f1
/paper/Investigating-the-Incredible-Shrinking-Pipeline-for-Denise-Camp/548a891c28203afc0c92092443f81daadd2219f1
https://doi.org/10.1037/0022-0663.92.2.316
https://doi.org/10.1177/0956797611435530
https://journals.sagepub.com/doi/full/10.1177/2372732216655542
https://doi.org/10.1207/s15326985ep4102_4
https://doi.org/10.1007/s11251-015-9360-y
https://doi.org/10.1145/2445196.2445228
https://doi.org/10.1145/2016911.2016917
https://doi.org/10.1145/3283070
https://doi.org/10.1080/08993408.2016.1271536
https://doi.org/10.1080/08993408.2016.1271536
https://doi.org/10.1006/jvbe.1994.1027
https://doi.org/10.1006/jvbe.1994.1027
https://doi.org/10.1016/j.jvb.2008.01.002
https://doi.org/10.1177/0735633115608440
https://doi.org/10.1177/0735633115608440
https://doi.org/10.1007/BF00992559
https://doi.org/10.1145/3328778.3372568
https://doi.org/10.1145/3328778.3372568
https://doi.org/10.1111/j.1471-6402.2006.00260.x


Making Apps: An Approach to Recruiting Youth to Computer Science 30:21

[63] Andy Luse, Julie A. Rursch, and Doug Jacobson. 2014. Utilizing structural equation modeling and social cognitive

career theory to identify factors in choice of IT as a major. Trans. Comput. Edu. 14, 3 (2014), 19:1–19:19. DOI:https://

doi.org/10.1145/2623198

[64] Pruthikrai Mahatanankoon. 2018. Exploring the antecedents to computer programming self-efficacy. In Proceedings

of the 10th International Conference on Advances in Information Technology (IAIT’18). Association for Computing

Machinery, New York, NY, 1–6. DOI:https://doi.org/10.1145/3291280.3291791

[65] David M. Marx and Jasmin S. Roman. 2002. Female role models: Protecting women’s math test performance. Pers.

Soc. Psychol. Bull. 28, 9 (2002), 1183–1193. DOI:https://doi.org/10.1177/01461672022812004

[66] Allison Master, Sapna Cheryan, and Andrew N. Meltzoff. 2016. Computing whether she belongs: Stereotypes un-

dermine girls’ interest and sense of belonging in computer science. J. Education. Psychol. 108, 3 (2016), 424–437.

DOI:https://doi.org/10.1037/edu0000061

[67] Microsoft. 2018. Closing the STEM Gap: Why STEM Classes and Careers Still Lack Girls and What We Can Do About It.

Retrieved from https://youthrex.com/report/closing-the-stem-gap-why-stem-classes-and-careers-still-lack-girls-

and-what-we-can-do-about-it/.

[68] Iwona Miliszewska, Gayle Barker, Fiona Henderson, and Ewa Sztendur. 2006. The issue of gender equity in computer

science – what students say. J. Info. Technol. Edu.: Res. 5, 1 (2006), 107–120.

[69] Ralph Morelli, Nina Limardo, Trishan de Lanerolle, and Elizabeth Tamotsu. 2011. Can Android app inventor

bring computational thinking to K-12? Retrieved from https://www.researchgate.net/publication/228442759_Can_

Android_App_Inventor_Bring_Computational_Thinking_to_K-12.

[70] Engineering National Academies of Sciences. 2017. Assessing and Responding to the Growth of Computer Science

Undergraduate Enrollments. DOI:https://doi.org/10.17226/24926

[71] National Science Foundation. 2017. Women, minorities, and persons with disabilities in science and engineering.

Retrieved from https://www.nsf.gov/statistics/2017/nsf17310/.

[72] National Science Foundation. 2018. CISE - Broadening Participation in Computing (BPC) | NSF - National Science

Foundation. Retrieved from https://www.nsf.gov/cise/bpc/.

[73] Lijun Ni, Farzeen Harunani, and Fred Martin. 2017. Empowering middle school students to create data-based social

apps. J. Comput. Sci. Colleges 32, 6 (2017), 88–100.

[74] Lijun Ni, Mark Sherman, Diane Schilder, and Fred Martin. 2016. Computing with a community focus: An app inven-

tor summer camp for middle school students. In Proceedings of the 47th ACM Technical Symposium on Computing

Science Education. ACM, 690–690.

[75] Katarina Pantic, Deborah A. Fields, and Lisa Quirke. 2016. Studying situated learning in a constructionist pro-

gramming camp: A multimethod microgenetic analysis of one girl’s learning pathway. In Proceedings of the The

15th International Conference on Interaction Design and Children (IDC’16). ACM, New York, NY, 428–439. DOI:
https://doi.org/10.1145/2930674.2930725

[76] Stamatios Papadakis and Vasileios Orfanakis. 2018. Comparing novice programing environments for use in sec-

ondary education: App inventor for android vs. Alice. Int. J. Technol. Enhanced Learn. 10, 1/2 (2018), 44. DOI:https://

doi.org/10.1504/IJTEL.2018.10008587

[77] Michael Quinn Patton. 2002. Designing qualitative studies. Qualitat. Res. Eval. Methods 3, (2002), 230–246.

[78] Markeya S. Peteranetz, Shiyuan Wang, Duane F. Shell, Abraham E. Flanigan, and Leen-Kiat Soh. 2018. Examin-

ing the impact of computational creativity exercises on college computer science students’ learning, achievement,

self-efficacy, and creativity. In Proceedings of the 49th ACM Technical Symposium on Computer Science Education

(SIGCSE’18). Association for Computing Machinery, New York, NY, 155–160. DOI:https://doi.org/10.1145/3159450.

3159459

[79] Nichole Pinkard, Sheena Erete, Caitlin K. Martin, and Maxine McKinney de Royston. 2017. Digital youth divas:

Exploring narrative-driven curriculum to spark middle school girls’ interest in computational activities. J. Learn.

Sci. 26, 3 (2017), 477–516. DOI:https://doi.org/10.1080/10508406.2017.1307199

[80] Lori Pollock, Kathleen McCoy, Sandra Carberry, Namratha Hundigopal, and Xiaoxin You. 2004. Increasing high

school girls’ self confidence and awareness of CS through a positive summer experience. In ACM SIGCSE Bulletin.

ACM, 185–189.

[81] Vennila Ramalingam, Deborah LaBelle, and Susan Wiedenbeck. 2004. Self-efficacy and mental models in learning

to program. In Proceedings of the 9th Annual SIGCSE Conference on Innovation and Technology in Computer Science

Education (ITiCSE’04). Association for Computing Machinery, New York, NY, 171–175. DOI:https://doi.org/10.1145/

1007996.1008042

[82] K. Ann. Renninger and Suzanne Hidi. 2011. Revisiting the conceptualization, measurement, and generation of in-

terest. Education. Psychol. 46, 3 (2011), 168–184. DOI:https://doi.org/10.1080/00461520.2011.587723

[83] Jean E. Rhodes, Ranjini Reddy, Jean B. Grossman, and Judy Maxine Lee. 2002. Volunteer mentoring relationships

with minority youth: An analysis of same- versus cross-race matches1. J. Appl. Soc. Psychol. 32, 10 (2002), 2114–2133.

DOI:https://doi.org/10.1111/j.1559-1816.2002.tb02066.x

ACM Transactions on Computing Education, Vol. 20, No. 4, Article 30. Publication date: November 2020.

https://doi.org/10.1145/2623198
https://doi.org/10.1145/2623198
https://doi.org/10.1145/3291280.3291791
https://doi.org/10.1177/01461672022812004
https://doi.org/10.1037/edu0000061
https://youthrex.com/report/closing-the-stem-gap-why-stem-classes-and-careers-still-lack-girls-and-what-we-can-do-about-it/
https://youthrex.com/report/closing-the-stem-gap-why-stem-classes-and-careers-still-lack-girls-and-what-we-can-do-about-it/
https://www.researchgate.net/publication/228442759_Can_Android_App_Inventor_Bring_Computational_Thinking_to_K-12
https://www.researchgate.net/publication/228442759_Can_Android_App_Inventor_Bring_Computational_Thinking_to_K-12
https://doi.org/10.17226/24926
https://www.nsf.gov/statistics/2017/nsf17310/
https://www.nsf.gov/cise/bpc/
https://doi.org/10.1145/2930674.2930725
https://doi.org/10.1504/IJTEL.2018.10008587
https://doi.org/10.1504/IJTEL.2018.10008587
https://doi.org/10.1145/3159450.3159459
https://doi.org/10.1145/3159450.3159459
https://doi.org/10.1080/10508406.2017.1307199
https://doi.org/10.1145/1007996.1008042
https://doi.org/10.1145/1007996.1008042
https://doi.org/10.1080/00461520.2011.587723
https://doi.org/10.1111/j.1559-1816.2002.tb02066.x


30:22 J. Clarke-Midura et al.

[84] Ricarose Roque, Yasmin Kafai, and Deborah Fields. 2012. From tools to communities: Designs to support online

creative collaboration in scratch. In Proceedings of the Conference on Interaction Design and Children (IDC’12). ACM,

New York, NY, 220–223. DOI:https://doi.org/10.1145/2307096.2307130

[85] Mary Beth Rosson, John M. Carroll, and Hansa Sinha. 2011. Orientation of undergraduates toward careers in the

computer and information sciences: Gender, self-efficacy and social support. Trans. Comput. Edu. 11, 3 (2011), 14:1–

14:23. DOI:https://doi.org/10.1145/2037276.2037278

[86] Krishnendu Roy. 2012. App inventor for android: report from a summer camp. In Proceedings of the 43rd ACM

Technical Symposium on Computer Science Education. ACM, 283–288.

[87] Miguel Angel Rubio, Rocio Romero-Zaliz, Carolina Mañoso, and Angel P. de Madrid. 2015. Closing the gender gap

in an introductory programming course. Comput. Edu. 82, (2015), 409–420. DOI:https://doi.org/10.1016/j.compedu.

2014.12.003

[88] Richard M. Ryan. 1982. Control and information in the intrapersonal sphere: An extension of cognitive evaluation

theory. J. Personal. Soc. Psychol. 43, 3 (1982), 450–461. DOI:http://dx.doi.org/10.1037/0022-3514.43.3.450

[89] Richard M. Ryan and Edward L. Deci. 2000. Self-determination theory and the facilitation of intrinsic motivation,

social development, and well-being. Amer. Psychol. 55, 1 (2000), 68–78. DOI:https://doi.org/10.1037/0003-066X.55.1.

68

[90] Mihaela Sabin, Rosabel Deloge, Adrienne Smith, and Wendy DuBow. 2017. Summer learning experience for

girls in grades 7–9 boosts confidence and interest in computing careers. J. Comput. Sci. Colleges 32, 6 (2017),

79–87.

[91] Philip M. Sadler, Gerhard Sonnert, Zahra Hazari, and Robert Tai. 2012. Stability and volatility of STEM career interest

in high school: A gender study. Sci. Edu. 96, 3 (2012), 411–427.

[92] Milagros Sáinz and Jacquelynne Eccles. 2012. Self-concept of computer and math ability: Gender implications across

time and within ICT studies. J. Vocation. Behav. 80, 2 (2012), 486–499. DOI:https://doi.org/10.1016/j.jvb.2011.08.005

[93] Johnny Saldaña. 2015. The Coding Manual for Qualitative Researchers. SAGE.

[94] Linda J. Sax, Kathleen J. Lehman, Jerry A. Jacobs, M. Allison Kanny, Gloria Lim, Laura Monje-Paulson, and Hilary

B. Zimmerman. 2017. Anatomy of an enduring gender gap: The evolution of women’s participation in computer

science. J. Higher Edu. 88, 2 (2017), 258–293. DOI:https://doi.org/10.1080/00221546.2016.1257306

[95] Pasqueline Dantas Scaico, Ruy José G. B. de Queiroz, and José Jorge Lima Dias. 2017. Analyzing how interest in

learning programming changes during a CS0 course: A qualitative study with brazilian undergraduates. In Proceed-

ings of the ACM Conference on Innovation and Technology in Computer Science Education (ITiCSE’17). Association for

Computing Machinery, New York, NY, 16–21. DOI:https://doi.org/10.1145/3059009.3059015

[96] Kusum Singh, Katherine R. Allen, Rebecca Scheckler, and Lisa Darlington. 2007. Women in computer-related majors:

A critical synthesis of research and theory from 1994 to 2005. Rev. Education. Res. 77, 4 (2007), 500–533.

[97] Renée Spencer. 2007. “It’s Not What I Expected”: A qualitative study of youth mentoring relationship failures. J.

Adolesc. Res. 22, 4 (2007), 331–354. DOI:https://doi.org/10.1177/0743558407301915

[98] Courtney Starrett, Marguerite Doman, Chlotia Garrison, and Merry Sleigh. 2015. Computational bead design: A

pilot summer camp in computer aided design and 3D printing for middle school girls. In Proceedings of the 46th

ACM Technical Symposium on Computer Science Education. ACM, 587–590.

[99] Chongning Sun and Jody Clarke-Midura. Testing the efficacy of a near-peer mentoring model for recruiting youth

into computer science. In review.

[100] Edna Tan and Angela Calabrese Barton. 2018. Towards critical justice: Exploring intersectionality in community-

based STEM-rich making with youth from non-dominant communities. Equity Excell. Edu. 51, 1 (2018), 48–61.

DOI:https://doi.org/10.1080/10665684.2018.1439786

[101] Cathy van Tuijl and Juliette H. Walma van der Molen. 2016. Study choice and career development in STEM fields:

An overview and integration of the research. Int. J. Technol. Des. Edu. 26, 2 (2016), 159–183. DOI:https://doi.org/10.

1007/s10798-015-9308-1

[102] Timothy Urness and Eric D. Manley. 2013. Generating interest in computer science through middle-school android

summer camps. J. Comput. Sci. Colleges 28, 5 (2013), 211–217.

[103] Marie E. Vachovsky, Grace Wu, Sorathan Chaturapruek, Olga Russakovsky, Richard Sommer, and Li Fei-

Fei. 2016. Toward more gender diversity in CS through an artificial intelligence summer program for high

school girls. In Proceedings of the 47th ACM Technical Symposium on Computing Science Education. ACM,

303–308.

[104] Roli Varma. 2002. Women in information technology: A case study of undergraduate students in a minority-serving

institution. Bull. Sci. Technol. Soc. 22, 4 (2002), 274–282. DOI:https://doi.org/10.1177/0270467602022004003

[105] Tamar Vilner and Ela Zur. 2006. Once she makes it, she is there: Gender differences in computer science study.

In Proceedings of the 11th Annual SIGCSE Conference on Innovation and Technology in Computer Science Education

(ITICSE’06). ACM, New York, NY, 227–231. DOI:https://doi.org/10.1145/1140124.1140185

ACM Transactions on Computing Education, Vol. 20, No. 4, Article 30. Publication date: November 2020.

https://doi.org/10.1145/2307096.2307130
https://doi.org/10.1145/2037276.2037278
https://doi.org/10.1016/j.compedu.2014.12.003
https://doi.org/10.1016/j.compedu.2014.12.003
http://dx.doi.org/10.1037/0022-3514.43.3.450
https://doi.org/10.1037/0003-066X.55.1.68
https://doi.org/10.1037/0003-066X.55.1.68
https://doi.org/10.1016/j.jvb.2011.08.005
https://doi.org/10.1080/00221546.2016.1257306
https://doi.org/10.1145/3059009.3059015
https://doi.org/10.1177/0743558407301915
https://doi.org/10.1080/10665684.2018.1439786
https://doi.org/10.1007/s10798-015-9308-1
https://doi.org/10.1007/s10798-015-9308-1
https://doi.org/10.1177/0270467602022004003
https://doi.org/10.1145/1140124.1140185


Making Apps: An Approach to Recruiting Youth to Computer Science 30:23

[106] Anna Vitores and Adriana Gil-Juárez. 2016. The trouble with ‘women in computing’: A critical examination of the

deployment of research on the gender gap in computer science. J. Gender Studies 25, 6 (2016), 666–680. DOI:https://

doi.org/10.1080/09589236.2015.1087309

[107] Jayce R. Warner, Carol L. Fletcher, and Lisa S. Garbrecht. 2019. Better data, better progress: Methods for measuring

inequities in computer science education. In Proceedings of the American Educational Research Association (AERA’19).

[108] Heidi C. Webb and Mary Beth Rosson. 2011. Exploring careers while learning Alice 3D: A summer camp for middle

school girls. In Proceedings of the 42nd ACM Technical Symposium on Computer Science Education. ACM, 377–382.

[109] Brenda Cantwell Wilson. 2002. A study of factors promoting success in computer science including gender differ-

ences. Comput. Sci. Edu. 12, 1–2 (2002), 141–164. DOI:https://doi.org/10.1076/csed.12.1.141.8211

Received February 2020; revised June 2020; accepted September 2020

ACM Transactions on Computing Education, Vol. 20, No. 4, Article 30. Publication date: November 2020.

https://doi.org/10.1080/09589236.2015.1087309
https://doi.org/10.1080/09589236.2015.1087309
https://doi.org/10.1076/csed.12.1.141.8211

