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ABSTRACT

As programming continues to be an essential 21st century skill, it is
critical to focus on diversity and increasing participation of under-
represented groups in computing. To address this need, we must
better understand minorities’ views and attitudes towards program-
ming, especially in their youth, as literature shows that children
form ideas about their interests and careers in middle school or
earlier. To explore this, we provided middle school students in the
U.S. with a full day (7 hours) of programming activities to learn
about their initial attitudes towards computing and how a short
intervention might change these attitudes. We ran two separate
one-day events, serving a total of 34 minority students (21 males
and 13 females; grades 6 and 7) from a low-income, urban area. We
found that students’ initial attitudes towards computing were high,
and that one day of learning programming increased their reported
attitudes in computing even more. We also found differences in atti-
tudes by gender and ethnicity. These findings highlight the positive
attitudes minority students have towards computing, and the im-
portance of providing resources and support to help maintain their
interests in computing while recognizing demographic differences.
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1 INTRODUCTION

Software is transforming the world economy, creating significant
demand for programming skills in science, technology, education,
health, and other rapidly growing fields [37]. Meanwhile, program-
ming and computing-related jobs are among the fastest growing
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Figure 1: Sussex Avenue Renew School students (6th and 7th
grade) playing the Gidget game for their morning activity.

career opportunities [10], growing faster than all other occupations
in some parts of the world such as in the U.S. [37]. However, many
of these positions will go unfilled as there are not enough people
with the right training/skills to take these jobs [17, 50]. Moreover,
for positions that do get filled, the diversity of both the workforce
and undergraduate population continues to be dominated by cer-
tain groups (e.g., males), contributing to severe inequities and bias
in software design and use [38], including disproportionately low
participation by minority groups. Without new learning opportu-
nities that both engage a wider range of the population and sustain
their learning and engagement over time, we cannot adequately
address the lack of diversity and low supply of technology workers.

Many youth are not choosing to pursue computing-related sub-
ject fields, further increasing the lack of representation in com-
puting (this is particularly true for underrepresented groups in
the U.S. [37]). Although many computing related enrichment ac-
tivities are available to high school students, research has shown
that youth begin to form ideas about future careers during their
formative years in middle school [11, 15, 21].

This project attempts to address inequities in computing by
learning more about low-income, minority, middle school students’
initial views and attitudes towards computing and how a one day
programming workshop (event) might change these attitudes. We
surveyed middle school students using validated instruments, be-
fore and after they were exposed to programming with a debug-
ging game and block programming environment. Our goal was
to provide minority students a positive experience with program-
ming, and also to share our findings about these students’ attitudes
towards computing so that educators and researchers can better
design effective programming interventions to motivate these stu-
dents who are underrepresented in computing.


https://doi.org/10.1145/3304221.3319736
https://doi.org/10.1145/3304221.3319736
https://doi.org/10.1145/3304221.3319736

ITiCSE ’19, July 15-17, 2019, Aberdeen, Scotland, UK

2 RELATED WORK
2.1 Middle Schools

Although many computing related enrichment activities target high
school students, research has shown that youth begin to form ideas
about future careers earlier, during their formative years in middle
school [11, 15, 21]. Many educational research efforts targeting
younger children have focused on how to engage them in CS by
using programming environments that are user-friendly and have
the potential to lower the cognitive threshold for novice program-
mers, such as Scratch (e.g., [32]), Alice (e.g., [25, 26]), Gidget [31],
and others [19]. Overall, studies repeatedly found that these types
of environments are effective in the acquisition of basic program-
ming skills and concepts (e.g., [29, 31, 32]) and support computa-
tional thinking. For example, Meerbaum-Salant et al. [34] found
that Scratch helped middle schoolers learn most of the targeted CS
concepts. Lee & Ko [31] found similar results with Gidget, where
users showed significant, measurable learning gains for targeted
CS concepts. In our study, we aim to learn more specifically about
underrepresented and minority middle students and their attitudes
towards computing, both before and after working with some of
the programming environments mentioned above.

2.2 Females and Minority Students

Females are underrepresented in computing [41]. Research shows
that social environment influences many girls to exclude consider-
ing computing career choices by the time they enter high school,
even before they have been exposed to any computing instruc-
tion [36, 43, 47]. During their formative time in middle school,
girls are deeply engaged in forming confidence in STEM disci-
plines [1, 18, 48] but might be more risk averse [9, 22, 46] and have
lower self-efficacy and self-confidence in computing than their
male peers [2, 4, 8, 33]. For example, females tend to have lower
confidence in computer-based problem-solving tasks like program-
ming [2, 6], which may make them less likely to pursue computing
activities on their own [33]. They also have a lower likelihood of
trying new software features [2, 6] and a greater reluctance to tin-
ker with code or programming tools [3, 6]. We aim to make our
events gender-inclusive [7] to appeal to a wide range of people
with different preferences and computing skill.

Members of ethnic minority groups are also largely underrep-
resented in computing. Availability of computing resources such
as internet access has been reported to be significantly related to
household income and inversely affected by minority status [24].
Even when minorities gain access to educational computing re-
sources, they are often taught rote learning activities rather than
cognitively demanding tasks [45] or patronized by their instructors,
mentors, and peers [16, 20]. Young minorities that express interest
in computing may stand out and be dissuaded by their friends and
family [12], so they may avoid or quit pursuing computing. We
hypothesize that early computing instruction in a safe and positive
environment will counter many of these negative effects.

There have been numerous efforts to increase participation of
young underrepresented minorities and females in computing ac-
tivities. Robinson & Pérez-Quifiones, were able to change underrep-
resented middle school girls’ initial negative perceptions of comput-
ing by teaching them human-computer interaction (HCI) methods
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through paper prototyping over a week-long workshop [40]. Simi-
larly, Doerschuk et al., found that their underrepresented middle
school students’ self-reports of computer science knowledge in-
creased significantly after a one-day workshops run by undergrad-
uate students who created the programming instructional materi-
als [14]. Denner analyzed data from middle school students on the
first day of a computing after-school program and found that the
strongest direct predictor of girls’ interest in computing classes and
careers was the extent to which they see value in computing, and
perceived support from peers and adults (teachers and parents) [11].
Our experience report adds to this body of knowledge, using vali-
dated survey instruments and similar curricula to learn more about
underrepresented students’ attitudes towards computing and how
we might be able to encourage more participation.

3 METHOD

The purpose of our experience report is to investigate what minority
middle school students think of computing, and how programming—
in the form of a concrete learning experience using an educational
programming game and block programming environment—might
change their initial attitudes. Our hypotheses were:

(1) Minority children will have positive views towards computing.
(2) Minority children’s attitudes towards computing will increase
(positively) after a basic educational programming experience.

3.1 Location and Recruitment

We ran two separate one-day, Saturday events during different
semesters of the school year. The first took place at Sussex Avenue
Renew School, a local K-8 public school in Newark, New Jersey
(U.S.). The second took place at the Urban League of Essex County’s
office (a local non-profit organization), and included students from
two other K-8 public schools from Newark. The schools’ demo-
graphic makeup reflects the community they serve, composed of
52% Hispanics, 47% African Americans, and 1% others; 82% of these
students are low-income—eligible for free or reduced-price lunch.
Principals recruited students from their respective schools by
recommendations from their 6th and 7th grade teachers, who made
announcements in their classes. Venues for both events included
a classroom, equipment (e.g., laptops with WiFi access), a middle
school teacher (one male technology teacher at the first event,
and one female technology teacher at the second event), and two
male undergraduate student instructors. The same two instructors
ran both events and taught the middle school students, while the
teachers were available primarily for classroom support (e.g., to help
keep the children on task). All of the middle school students were
dropped off and picked up by their respective parents/guardians.

3.2 Procedure

Although traditional survey measures are commonly used to under-
stand views toward computing [29], they often ask about attitudes
abstractly, or without exposing participants to actual programming.
Our seven-hour day consisted of breakfast, taking a pretest, a pro-
gramming game activity, lunch, a block programming activity, and
then a posttest. Breakfast was 15 minutes, lunch was 45 minutes,
and the surveys took 30 minutes each. The game and block pro-
gramming game were each 2.5 hours. In more detail:
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3.2.1 Morning Activity. For their opening activity, students played
Gidget [30, 31] (www.helpgidget.org)—a free, online, educational
programming game—to give them a positive introduction to coding,
as one’s first experience with code is important [28]. Jernigan et
al. [23] and Lee et al. [30] demonstrated that the game is engaging
for a wide range of programming novices and that it is a good in-
troduction to (text-based) programming for after-school programs.
We encouraged our middle school students to complete as many
levels as they could during the scheduled 2.5 hours, as each sub-
sequent level in Gidget covers progressively difficult introductory
programming (CS1) concepts [30].

3.2.2  Afternoon Activity. For our afternoon closing activity, our
events used the Scratch "Creative Computing” curriculum [5] to
give the middle school students experience with a block program-
ming language. Scratch has been used extensively to engage youth
with block programming through animation authoring and sto-
rytelling [32, 34]. The morning session consisted of the "Unit 0:
Getting Started" section of Harvard University’s Creative Com-
puting curriculum for 2.5 hours, giving students an introduction
to Scratch, its features, and how to use block programming with
examples that they could follow to make animations.

3.2.3  Pre and Post Tests. We used two existing, tested, and vali-
dated paper-based instruments to collect the data from students:
1) the Computer Attitudes Questionnaire (CAQ) v5.14 [27] (de-
signed for middle school students), and 2) the Computing Attitudes
Survey (CAS) v4.0 [42]. The former measures general computing
attitudes (e.g., "I enjoy doing things on a computer.") whereas the
latter specifically measures computer science programming atti-
tudes (e.g., "After I study a topic in computer science and feel that I
understand it, I have difficulty solving problems on the same topic.")
and is designed to be an extension of the former.

Our pre and post tests consisted of the first 20 questions from the
CAQ (labeled as "Part 1" in the original document [27]), and all 26
of the CAS questions [42]. For the CAS, we replaced all occurrences
of "computer science" with "computing” to keep the scope of the
questions intentionally broad and to minimize potential confusion
(especially during the pretest, since students had not started the
programming activities yet). We added two questions to the end
of the test, Q46: "I am interested in learning more about computer
programming,’ and Q47: "I can become a computer programmer.” We
also inserted one attention check question towards the end of the
questionnaire, "Please choose ‘agree’ (number 4) for this answer,' to
help ensure that students were paying attention to the 48 questions.
All answer choices were in the form of a 5-point Likert scale [39]
to determine how agreeable students were to the statements (with
1 being least agreeable, and 5 being most agreeable).

There were three additional questions asking students if they
wanted to go to college, and whether they would attend more classes
at school or outside of school to learn more about programming.
Then, only for the pretest (since we would not expect responses to
change during the course of the day), we collected demographic
information (i.e., grade level, ethnicity, gender, and eligibility for
free/reduced lunch), and asked four yes/no questions examining
if they: owned a smartphone, had prior programming experience,
and had access to a computer and/or internet at home.
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4 RESULTS

It took the middle school students approximately 30 minutes to
complete each of the pre and post tests. In total, we had 34 stu-
dents (n = 34) participate in our event (11-13 years old). The first
event included 12 boys and 6 girls (seven 6th graders and eleven
7th graders; see Figure 1), and the second event included 9 boys
and 7 girls (seven 6th graders and nine 7th graders). All of the
students were underrepresented minorities in STEM, identifying
as either African American (AA students; 8 each at the events) or
Hispanic/Latino (HL Students; 10 at the first event, and 8 at the
second event), and all were eligible for free/reduced cost lunch.

We report the median of our (ordinal) responses. Throughout
this analysis, we use nonparametric Wilcoxon/Kruskal-Wallis rank
sums tests (for differences between pre and post tests) and Chi-
Squared likelihood ratio tests (for differences within a pretest or
posttest) with & = 0.05 confidence—as our data was not normally
distributed—to compare participants’ responses based on their de-
mographic categories. We report our statistically significant results
in Tables 1 through 4 with the understanding that our sample size is
small and that the resulting statistics may not be widely generaliz-
able. As both of our events used the same schedule and instructors,
and all the students came from the same school district with com-
parable demographic distributions (i.e., grade, gender, ethnicity,
and eligibility for free/reduced cost lunch), we report our results
aggregating all event participants into one group.

4.1 Computing Attitude (CAQ & CAS) Results

4.1.1 Pretest Scores (Initial Attitudes). We examined the students
pretest scores to gauge their initial attitudes towards computing
before taking part in our activity. Overall, the students reported pos-
itive attitudes towards computing for on the pretest, with medians
of 4 ("agree) or 5 ("strongly agree") for all positive valence questions
(e.g., Q11: "I believe that it is important for me to learn how to use
a computer,” and Q31: "I find the challenge of solving computing
problems motivating."), medians of 1 ("strongly disagree") through 3
("neither agree nor disagree") for all negative valence questions (e.g.,
Q16, "Working with a computer makes me nervous,” and Q45: "I
worry that mistakes I make when using a computer may damage my
computer."), and medians of 2 ("disagree”) or 3 ("neither agree nor
disagree”) for all neutral valence questions (e.g., Q23: "If I want to
apply a method used for solving one computing problem to another
problem, the problems must involve very similar situations.").

We found some differences in response by ethnicity and gender
in the pretest scores. For example, Q7 ("I know that computers give
me opportunities to learn many new things.") and Q20 ("I can learn
more from books than from a computer.") had significantly differ-
ent responses by ethnicity, where AA students were more likely
to agree with both statements compared to their HL classmates
(see Table 1). Additionally, Q30 ("When working on a computing
problem, I brainstorm about solution strategies before trying to
solve it") had significantly different responses on the pretest by
ethnicity, where AA students were more likely to agree with this
statement compared to their HL classmates (see Table 1).

For Q10 ("I believe that the more often teachers use computers,
the more I'll enjoy school""), males were significantly more likely to
agree with the statement over their female classmates (see Table 2).
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Question (Pretest-Top/Posttest-Bottom): Statistic p.val
7. 1 know that computers give me opportunities to learn X2(4,N=34)=9.988 .041*
many new things. (AA is Higher)

20. | can learn more from books than from a computer. = X%(4,N=34)=10.67 .031*
(AA is Higher)
X2(3,N=34)=8.831 .032*
(AA is Higher)

30. When working on a computing problem, |
brainstorm about solution strategies before trying to
solve it.

3. | will be able to get a good job if | learn how tousea  X2(1,N=33)=5.405 .020*
computer. (AA is Higher)
X%(3,N=34)=9.371 .025*
(AA is Higher)
X2(3,N=34)=7.917 .048*
(AA is Higher)
45. | worry that mistakes | make when using a X2(4,N=34)=9.550 .049*
computer may damage my computer. (HL is Higher)
AA = African American/Black Students; HL = Hispanic/Latino Students

Table 1: Pretest & Posttest Differences by Ethnicity

27. There are times | solve a computing problem in
more than one way to help with my understanding.

28. | think about the computing technologies or
problems I experience in everyday life.

Next, Q33 ("I enjoy solving computing problems."), Q40 ("Under-
standing computing basically means being able to recall something
you’ve read or been shown.), and Q44 ("To learn about computing,
I only need to memorize solutions to sample problems."), male stu-
dents were significantly more likely to agree with these statements
than their female classmates (see Table 2).

4.1.2  Posttest Scores (Post-Activity Attitudes). Like the pretest, stu-
dents reported highly positive attitudes towards computing on the
posttest with some minor improvements for some questions. There
were no statistically detectable differences by gender within the
posttest scores. However, we did find a few question that had sta-
tistically significant difference responses by ethnicity (see Table 1).
For example, in Q3 ("I will be able to get a good job if I learn how
to use a computer."), AA students were significantly more likely
agree with the statement over their HL classmates. Additionally,
Q27 ("There are times I solve a computing problem in more than one
way to help with my understanding.") and Q28 ("I think about the
computing technologies or problems I experience in everyday life.")
had significantly different responses on the posttest by ethnicity,
where AA students were more likely to agree with both statements
compared to their HL classmates (see Table 1). Conversely, on Q45
("I worry that mistakes I make when using a computer may damage
my computer”), HL students were more likely to agree with the
statement compared to their AA classmates (see Table 1).

4.1.3 Comparison between Pre and Post Test Scores. Table 3 lists the
questions where statistically significant differences were detected
comparing the posttest and pretest. Responses from seven questions
(two of the twenty from the CAQ, and five of twenty-six from the
CAS) were significantly different between the tests.

Question (Pretest): Statistic p.val
X?(3,N=34)=8.657 .034*
(Males Rate Higher)
X?(2,N=34)=6.730 .035%*
(Males Rate Higher)

10. | believe that the more often teachers use
computers, the more I’ll enjoy school.

33. I enjoy solving computing problems.

40. Understanding computing basically means being  X?(3,N=34)=9.890 .020*
able to recall something you’ve read or been shown. (Males Rate Higher)
X%(3,N=33)=8.769 .033*
(Males Rate Higher)

44. To learn about computing, | only need to
memorize solutions to sample problems.

Table 2: Pretest Differences by Gender
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For example, Q3 ("I will be able to get a good job if I learn how to
use a computer.”) and Q4 ("I can concentrate on a computer when I
use one.") having statistically higher posttest values than the pretest
values in both cases (see Table 3). Negative valence questions, Q22
("Errors made by computers are random, and when they happen,
there’s not much I can do to understand why"), and Q41 ("If I get
stuck on a computing problem, there is no chance I'll figure it out
on my own."), both had statistically significant lower posttest values
than the pretest in both cases (demonstrating an improvement in
attitudes). Likewise, for positive valence questions, Q25 ("When I
solve a computing problem, I break it into smaller parts and solve
them one at a time."), Q33 ("I enjoy solving computing problems."),
and Q35 ("Learning about computing is just about learning how
to think differently"), all had statistically higher posttest values
compared to pretest values.

4.1.4 Comparison by Gender and Ethnicity. We also compared the
difference between the posttest and pretest scores by gender and
ethnicity. Although there were no statistically significant differ-
ences detected between the pretest and posttest scores by gender,
we did find several differences by ethnicity (see Table 4).

We found that for Q3 ("I will be able to get a good job if I learn
how to use a computer”"), our AA students’ scores from their pretest
to their posttest increased significantly more than those of their
HL classmates (Table 4). We also found several questions where HL
students’ scores improved significantly in their posttest over their
pretest compared to their AA classmates. These included, Q4 ("I
concentrate on a computer when I use one."), and Q33 ("I enjoy solv-
ing computing problems."). Q19 ("Computers are difficult to use.")
has a negative valence, with the posttest score being significantly
lower, meaning that HL students were more likely to report that
computers were not as difficult to use in their posttest than their
pretest compared to their AA classmates (see Table 4).

For negative valence questions, Q23 ("If  want to apply a method
used for solving one computing problem to another problem, the

Question: Statistic p.val

3. 1 will be able to get a good job if | lean how to use a W=1336.5,7=3.189 .001*
computer. (Post is Higher)

Pre- Median: 4 (range 3-5) / Post- Median: 5 (range 4-5)

4. | can concentrate on a computer when | use one. W=1323.5,7=2.00 | .045*
Pre- Median: 4 (range 3-5) / Post- Median: 5 (range 4-5) = (Post is Higher)

22. Errors made by computers are random, and when  W=1023,7=-1.997 .046*
they happen, there’s not much | can do to understand  (Post is Lower)

why.

Pre- Median: 4 (range 1-5) / Post- Median: 2 (range 1-5)
25. When | solve a computing problem, | break it into
smaller parts and solve them one at a time.

Pre- Median: 3 (range 1-5) / Post- Median: 3.5 (range 1-5)
33. | enjoy solving computing problems. W=1335,7=2.092  .036*
Pre- Median: 4 (range 3-5) / Post- Median: 4 (range 1-5) (Post is Higher)

35. Learning about computing is just about learning W=1280.5,2=2.106 .035*
how to think differently. (Post is Higher)

Pre- Median: 4 (range 2-5) / Post- Median: 5 (range 3-5)
41. If | get stuck on a computing problem, there is no
chance I'll figure it out on my own.

Pre- Median: 3 (range 1-4) / Post- Median: 2 (range 1-5)

W=1336,2=2.044  .041*
(Post is Higher)

W=999,7=-2.245 .025*
(Post is Lower)

48. | can become a computer programmer. W=1347,2=2.276  .023*
Pre- Median: 3 (range 3-5) / Post- Median: 5 (range 3-5) = (Post is Higher)

Table 3: Comparison of Pre/Post Test (General)
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Question: Statistic p.val

3. 1 will be able to get a good job if | learn how tousea = W=336,2=3.116 .002*
computer. (AA Higher Post)

Pre- Median: 4 (range 3-5) / Post- Median: 5 (range 4-5)

4. | concentrate on a computer when | use one. W=398.5,2=2.204 .028*
Pre- Median: 4 (range 3-5) / Post- Median: 5 (range 4-5) | (HL Higher Post)

19. Computers are difficult to use. W=265.5,7=-2.28 .022*
Pre- Median: 2 (range 1-5) / Post- Median: 1 (range 1-5) | (HL Higher Pre)

23. If | want to apply a method used for solving one W=211,2=-2.028  .043*
computing problem to another problem, the problems = (AA Higher Pre)

must involve very similar situations.

Pre- Median: 3 (range 1-5) / Post- Median: 3 (range 1-5)
25. When | solve a computing problem, | break it into
smaller parts and solve them one at a time.

Pre- Median: 3 (range 1-5) / Post- Median: 3.5 (range 1-5)
33. | enjoy solving computing problems. W=402.5,2=2.296 .022*
Pre- Median: 4 (range 3-5) / Post- Median: 4 (range 1-5) | (HL Higher Post)
W=364,2=2.030 .042*
(HL Higher Post)

W=314.5,7=1.967 .049*
(AA Higher Post)

35. Learning about computing is just about learning
how to think differently.

Pre- Median: 4 (range 2-5) / Post- Median: 5 (range 3-5)
41. If | get stuck on a computing problem, there is no
chance V'll figure it out on my own.

Pre- Median: 3 (range 1-4) / Post- Median: 2 (range 1-5)

W=208,2=-2.251  .024*
(AA Higher Pre)

48. | can become a computer programmer. W=318,Z=2.161 .031*
Pre- Median: 3 (range 3-5) / Post- Median: 5 (range 3-5)  (AA Higher Post)
AA = African American/Black Students; HL = Hispanic/Latino Students
Table 4: Comparison of Pre/Post Test by Ethnicity

problems must involve very similar situations."), and Q41 ("If I get
stuck on a computing problem, there is no chance I'll figure it out
on my own."), AA students reported statistically significant lower
agreement in the posttest for all three questions (demonstrating an
improvement in attitudes) compared to their HL classmates.

For the positive valence question Q25 ("When I solve a computing
problem, I break it into smaller parts and solve them one at a time."),
AA students reported statistically significant higher agreement in
their posttest than their pretest compared to HL students. Similarly,
for Q33 ("I enjoy solving computing problems.") and Q35 ("Learning
about computing is just about learning how to think differently"),
HL students reported statistically significant higher agreement in
their posttest than their pretest compared to their AA classmates.

4.2 Additional Question Results

For Q48 ("I can become a computer programmer"), we found that
the posttest scores were significantly different from the pretest
(median 3), with the posttest (median 5) scoring much higher (see
Table 3). Moreover, we found a statistically significant difference
when comparing posttest and pretest scores for this question, where
AA students were more likely to agree with the statement compared
to their HL classmates (see Table 4).

All (34 of 34) students reported that they wanted to attended
college, and would take more classes at school to learn more about
computers and computer programming. All but one student (33 of
34) reported that they would want to take more classes outside of
school to learn more about computers and computer programming.

For our pretest-only questions, 25 of 34 (73.5%) students reported
that they owned a smartphone. Additionally, 27 of 34 (79.4%) stu-
dents indicated they had a computer at home. These same students
also had access to the Internet at home. Those 7 of 34 (20.6%) who
stated not having a computer at home also did not have Internet
access at home. 10 of the 34 (29.4%) students reported they had
some previous programming experience (all using Scratch).
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5 DISCUSSION

5.1 Initial View of Computing & Programming

We confirm our first hypothesis that our minority middle school
students had initially positive attitudes towards computing and
programming, before participating in our activity (Sections 4.1.1 and
4.2.1). In addition to our survey results, our students were open to
talking (positively) about computing and appeared to be genuinely
interested in partaking in the day’s computing activities along with
their classmates. This is similar to DiSalvo et al’s findings that
AA students interested in a computing activity were eager to talk
about it with their peers in the context of use, but not outside [13].
Unfortunately, we are unable to determine if our students would
be willing to talk to other peers about their computing activities
outside, as we only interacted with them during the one day event(s).
However, we observed that our students were eager to learn, and
admired their peers with more experience/skill in programming.
These skilled students also spent time helping their less-experienced
peers with different concepts and issues throughout the day.

5.1.1 Comparison by Gender and Ethnicity. We found a total of four
significantly different scores in the students’ initial (i.e., pretest)
computing attitudes by gender. Based on the responses, it appears
that our male students had higher computing self-efficacy and
wanted to use computers in their classes more often than their
female classmates (see Q10 and Q33 in Table 2). However, it also
appears that our male students believed that computing mostly
involved rote learning (see Q40 and Q44 in Table 2). Overall, these
differences found by gender are not entirely unexpected, as previous
research has shown that females tend to have lower self-efficacy in
computing than males [2, 3, 6].

We also found a total of three significantly different scores in the
students’ initial computing attitudes by ethnicity. Our AA students
were more likely than their HL classmates to agree that computers
provide opportunities to learn new things and that they brainstorm
solutions before working on computing problems (see Q7 and Q30
in Table 1). However, these AA students were also more likely
than their HL counterparts to agree that they could learn more
from books than computers (Q20, Table 1). These findings on AA
students’ views towards success are similar to those described in
the narratives of successful AA college students by Urias et al. [44],
and highlight the need for educators to rethink how to deliver
computing education that will both engage and set them up for
success. This also highlights the need to learn more about the
various, distinct perceptions that different minority groups may
have towards computing, as a one-size-fits all model for teaching
and engaging these different groups may not be ideal.

5.1.2  Post Views of Computing. Addressing our second hypothesis,
we found an increase in several of the reported attitudes by our
students towards computing after participating in our activity.
We found a total of eight questions where responses in the
posttest were significantly different from the pretest. The first were
related to jobs, where students agreed on their posttest that they
could get a good job if they learned how to use a computer, and
that they could become a computer programmer themselves (Q3
and Q48, Table 3). Students also reported on their use of computers
and solving problems, where they said they can concentrate on



ITiCSE ’19, July 15-17, 2019, Aberdeen, Scotland, UK

computers when they use one, that they enjoy solving computing
problems, and to do so, they can break it into smaller pieces to solve
individually (Q4, Q25, and Q33, Table 3).

Additionally, these students better understood how computers
worked, stating that the errors made by computers are not random
(Q22), learning computing is about thinking differently (Q35), and
that they can figure out on their own how to overcome difficult
computing problems (Q41). For Q48 ("I can become a computer pro-
grammer."), students originally had a median of 3 ("neither agree
nor disagree") (Table 3), but this increased significantly to a me-
dian of 5 ("highly agree") by the end of our event. This result was
especially pronounced for our AA students (Table 4).

These results demonstrate that a short, one-day event teaching
programming concepts can have significant impacts on students’
understanding of computing, how to solve programming problems,
and increase their confidence in becoming programmers themselves.
Future work will explore how to sustain these students’ interest
and attitudes, and what types of activities are effective in doing so.

5.1.3 Comparison by Ethnicity and Gender. We also found several
questions where responses in the posttest were significantly differ-
ent from the pretest based on ethnicity and by gender. Examining
the responses, it appears that our AA students became much more
confident in their own ability to overcome obstacles in computing
after participating in the event compared to their HL classmates.

First, AA students were more likely to agree that learning how to
use a computer could get them a good job (Q3). They also became
more confident in their computing abilities, understanding that
computing problems can be solved in multiple ways (Q23), and that
they have the capability to solve these problems on their own (Q44),
using strategies such as dividing a problem into smaller parts (Q25).

Our HL students’ computing self-efficacy also improved signif-
icantly between their pretest and posttest scores, but differently
from their AA classmates. They reported that they concentrated
on computers when they were using one (Q4), that computers are
not difficult to use (Q19), that they enjoy solving computing prob-
lems (Q33), and that learning about computing is just a matter of
thinking differently (Q35, Table 4).

Next, we found that the gender differences described in 5.1.1
completely disappeared by the end of the event, suggesting that
something about our event raised the female students’ self-efficacy
and understanding of computing. We do not believe that the gender
of the other participants (21 of 34; 61.8% were male), instructors (two
males), or teachers (one male and one female) largely attributed to
this positive change in female students, as there were fewer females
overall. Instead, we suspect that the events’ programming activities
attributed to this effect. According to its developers, Gidget was
designed using a gender-inclusive approach and was found to en-
gage high school females in programming summer camps [7, 30].
Researchers examining Scratch also did not find any gender differ-
ences in the number of projects created [35], nor with participation
patterns or project complexity [49], suggesting that Scratch pro-
vides similar opportunities and engagement across genders. We
plan to examine these issues in future events to help identify specific
factors that may engage (or disengage) females.

These findings demonstrate that there are major differences
in the attitude changes between different minority groups and
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genders. Future work will further examine these differences so that
educators and researchers can better understand how to create
learning interventions that support different groups of learners.

5.2 Limitations and Future Work

We had significant results in several of our measures. However,
we had two activities throughout the day (playing a debugging
game and making animations with a block programming language),
making it difficult to isolate the specific intervention or factors
that affected students’ responses. Future events can offer only one
activity throughout the day so that we can better understand the
specific intervention’s effect.

We reported statistics combining participants from our two
events into into one group. We believe this is acceptable, as the
demographic makeup of both groups were comparable, all students
attended public schools in the same school district, and both events
followed the same structure/curriculum with the same instructors.

All of our students were recruited by participating schools’ prin-
cipals, which may have introduced a selection bias (e.g., students
who signed up for a Saturday programming event are likely to
have positive views of computing). Moreover, we had a fairly small
number of participants overall and though we found some statis-
tically significant results for some demographic factors, we were
unable to detect anything at the intersection of these factors (e.g.,
the interaction between gender and ethnicity on the responses).
These issues may limit the generalizability of our results. In the
future, we will work with additional schools in recruiting a larger
number of participants and seek to minimize effects of potential
selection biases (e.g., recruiting an entire class if possible).

6 CONCLUSION

We worked with 34 minority middle school students across two
Saturday events, exposing them to programming through an edu-
cational game and a block programming environment. We found
that these students’ initial views and attitudes towards computing
were positive. We also found that the day of activities increased
these positive views even further, with a significant number of them
stating that they could become a computer programmer themselves.

We also found some differences by gender and ethnicity in stu-
dents’ initial attitudes towards computing, and also after they fin-
ished their activity. These findings highlight the need to further
examine the differences between minority groups and even across
different demographic factors within these groups. Better under-
standing of these differences can lead to more targeted and effective
programming-related interventions to help increase minorities en-
gagement and representation in computing.
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