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Background and Context: Despite the growing initiatives in K-12 Received 1 September 2022
computer science (CS), there is a continued disparity in the partici- Accepted 13 July 2023

pation of Latinx and multilingual students, a historically underre- KEYWORDS
presented group in computing. The inequitable participation may Coding attitudes; elementary
be understood by examining students’ early development of CS students; remote learning;
attitudes. expectancy-value theory;
Objective: This study aims to explore shifts and elicitation in cod- coding curriculum

ing attitudes of fourth-grade, Latinx students (ages 9-10) who

underwent a year-long remote coding curriculum, with considera-

tion of gender and language designation.

Method: Using a mixed method approach, pre-post survey

responses on coding attitudes were analyzed to understand shifts

and portrayal of Interest, Confidence, Utility, Social Values, and

Perception of Coders, with consideration of gender or designation

as an English Language Learner.

Findings: Gender and language designation did not interact with

overall attitude shifts. However, there is a significant difference in

Social Values and Confidence over time. Student interviews

revealed more nuance in social influences with siblings and cousins

as key motivators for extended learning, underlying values of per-

severance in confidence, mixed perception of what coders do, and

the importance of creativity to develop interest.

Implications: The key role of social influence in driving higher

identity among Latinx students points to the important role of

extended family. Moreso, developing students’ confidence in

domain-specific tasks should be a focus in curricula in order to

have a longer-term impact on motivation. Finally, more research

on the role that subjective task values pertaining to cultural values

should be explored in early coding motivation in order to broaden

participation. Keywords: Coding attitudes, elementary students,

remote learning, expectancy-value theory, coding curriculum.

Introduction

Computational thinking (CT) involves the ability to utilize knowledge of how computers
work to solve problems (Wing, 2008). CT is not only vital for the field of computer science
(CS), but also for interdisciplinary occupations that incorporate technology, such as media
and arts (Pears et al., 2019). Computer-related occupations that integrate technology are
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predicted to be among the fastest-growing industries (US Bureau of Labor Statistics, 2020).
Despite the vitality of CT abilities, participation and opportunity gaps in CS education persist
among historically marginalized populations.

The Latinx population accounts for half of the population growth in the United States
(US) and is the second-largest racial and ethnic group in the United States (Pew Research
Center, 2020). Despite being among the largest demographic group in the nation, Latinx
students compose only 10.4% of all students who obtained a bachelor’s degree in CS, and
Latinas compose 1.9% of the total CS degree (bachelor’s, master’s, and Ph.D.) recipients
(National Science Foundation, 2018). This disparity is further exacerbated in the work-
force, as 6.2% of employed computer scientists are Latinx and a low 1.2% are Latina
(National Science Foundation, 2019).

Multilingual learners with English as a second language are among the fastest-growing
populations in the primary and secondary school population. In the US, Latinx students
constitute 77.6% of English Language Learners (ELL) in public schools (Institute of
Education Sciences IES, National Center for Education Statistics NCES, and US
Department of Education USDE, 2021). Similar to the disparities observed in higher
education and the workforce, performance gaps exist in STEM education between stu-
dents who are designated as ELL and those who are proficient in English (U.S. Department
of Education, National Center for Education Statistics, and Common Core of Data, 2020).
The prevailing perspective towards multilingual learners is that they are deficient in
English proficiency, rather than recognizing them as individuals who are building lan-
guage acquisition skills and valuable linguistic assets that can be effectively utilized (Lee &
Stephens, 2020). Factors that hinder intersectional identities, such as being Latina or
multilingual, from being fully integrated into the learning experience that is crucial for
their academic progress, are considered to be responsible for the persistent disparity
faced by Latinx and multilingual students.

CS education initiatives are formally expanding to include the elementary level due to
the growing demand for the acquisition of computing skills and CT abilities (Code.org,
CSTA, & ECEP Alliance, 2020). Despite the expansion of CS education opportunities in K-12,
a participation gap persists among underrepresented groups. Latinx students comprise
only 16% of Advanced Placement (AP) computer science exam takers (Code.org, CSTA, &
ECEP Alliance, 2020). Additionally, Latinas compose 18% of all female AP exam takers
despite making up 27% of the total female student population (Code.org, CSTA, & ECEP
Alliance, 2020). This participation gap can have ripple effects on the participation of Latinx
students in computing in higher education and the workforce, given experiences pertain-
ing to a domain is a key variable for interest in pursuing the field (Sasson, 2021). A study in
coding attitudes that begin in preadolescence can unveil the shifts and factors that
contribute to this ongoing participation gap among underrepresented students.

This study investigates the attitudes of Latinx elementary students toward
computer science, aiming to contribute to the literature on the development of
motivation, attitudes, and perceptions in this field. Limited research exists on this
development, particularly among young age groups, and even less so among
underrepresented and marginalized groups (Kafai & Burke, 2015; Lambic et al.,
2021). We analyzed surveys and interviews on coding attitudes through a mixed
methods approach among fourth-grade students (ages 9-10) attending an urban
school district with a predominantly Latinx, multilingual student population.
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Students were exposed to a year-long CT curriculum through distance learning due
to the COVID-19 pandemic. This study explores reveal significant changes in
attitudes moderated by gender and designation as an English Language Learner
(ELL) and how students elicit such attitudes.

Our findings highlight opportunities for future research in early coding motiva-
tion and the promotion of positive engagement among underrepresented youth,
specifically focusing on the cultural group of Latinx. We will examine the signifi-
cant impact of early exposure to a remote learning experience on the confidence
and perceived social values of parents and peers. By conducting interviews with
students, we explore how they expressed underlying social values that influenced
their confidence and coding experiences as well as additional socializers to be
considered for social values. Additionally, we discuss the limitations associated with
early exposure in relation to the perception of coders and the utility, as well as the
importance of creativity in fostering interest. Throughout the discussion, we iden-
tify potential areas for further research and expansion in the measurement and
consideration of early coding attitudes.

Background

Attitudes toward CS among underrepresented groups often focus on secondary and
higher education to address retention and remediation in academia and the workforce
(Ni & Guzdial, 2012; Webb et al., 2012). The limited research on formations of identity
and attitudes towards coding for preadolescent age groups has focused more on
Science, Technology, Engineering, and Math (STEM; Capobianco et al., 2012). While
research cannot pinpoint a critical period in time for such formation, several survey
studies on STEM attitudes suggest that attitudes can be formed as early as elementary
school (Carlone et al., 2014). Furthermore, problematic formations of STEM identity
that are rooted in race, class, and gender can become apparent in sixth grade
(Maltese, Melki, & Wiebke, 2014). Given these findings, this research is situated in
a fourth-grade classroom, which is a crucial point in the development and evolution of
student identity and attitudes toward CS.

We frame our approach and findings using the Situtative Expectancy-Value Theory
(SEVT). SEVT takes a sociocognitive approach to studying attitudes under the lens of
motivation. The theory posits that a student’s motivation to pursue a career in a domain is
dependent upon their expectancy to succeed and subjective task value for the tasks
(Eccles et al., 1983). Obtaining high levels of both expectancy of success and task values
increases the likelihood of a learner pursuing a domain. However, a student may obtain
high expectancies of success (e.g. high confidence in a subject), but have low task values
(e.g. perceived unusefulness of a subject).

The following sections will review prior works on attitudes with a focus on preadoles-
cent age groups, Latinx populations, and the CS domain. First, this section will define
attitudes through the lens of socio-cognitive theory. Next, prior works on early attitudes
with a focus on the Expectancy-Value framework will be reviewed. Finally, literature on
distance learning for elementary students will be considered to understand external
factors that could inform the coding attitude outcomes in our study.
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A sociocognitive perspective on attitudes

Sociocognitive theory pertains to “specif[ying] determinants of psychosocial change and
the mechanism by which they produce their effects” (Bandura, 2005, pg 15). As such,
attitudes are viewed as a cognitive mental state associated with an object that, in turn,
influences behavior (Hogg & Vaughan, 2011). Attitudes are cognitive responses that help
an individual navigate within an environment through a process of analyzing the self
within a perceived world (Pratkanis & Greenwald, 1989). The creation of attitudes entails
a process of labeling or attributing qualities towards an attitude object (or objects) that
depend upon time and context (Pratkanis & Greenwald, 1989). These cognitive processes
serve heuristic (labeling an object), schematic (organizational structure to guide memory
and behavior towards an object), and self-related (association of object to self-worth)
functions to ultimately relate the individual to a social world (Pratkanis & Greenwald,
1989). Attributions toward an object unveil a form of “knowing”, such as coding as
something that “boys just do” (Master et al., 2021).

Attitudes are argued to be an indicator of a forming identity (Hallajow, 2018), where
identity involves a dynamic process of self-definition influenced by socio-contextual
factors (Hogg et al., 1995). While preadolescents may not have developed a full identity,
their environment already informs attitudes toward an object. Preadolescent age groups’
perceptions, values, and attitudes toward education are highly influenced by their
immediate social circles including teachers, friends, and parents (Eccles & Harold, 1996;
Noack, 2004). These social influences mediate values and ideas through artifacts such as
routines and norms, and preadolescents adopt such values to their objective realities and
environment (Bronfenbrenner, 1979).

Problematic forms of STEM identity that are rooted in race and gender are apparent at
the secondary education level, suggesting that attitudes and identity begin to form at an
earlier point in development (Carlone et al., 2014; Master et al., 2016, 2021). This gender
disparity in motivation has been linked to a decline in self-efficacy, interests, and values
among students in higher education (Beyer, 2014). A sociocognitive lens allows for
consideration of the influential role that social circles have on preadolescent age groups
as we explore the perception and attitude towards CS.

Preadolescent attitudes of an academic domain

Attitudes towards task-oriented and formal learning environments have been explored
from a cognitive perspective for preadolescent age groups. Prior works have identified
attitude constructs for domain-focused contexts under the lens of motivation, which
consists of factors such as self-efficacy, utility, or expectancy of success. Self-efficacy is
an individual's belief that one can effectively perform as necessary in order to produce an
outcome (Bandura, 1977). Utility alludes to a subjective task value that is connected to
long-term goals and how useful a given task is in relation to those goals (Edwards, 1954).
The expectancy of success refers to the probability that the individual believes they can
perform a task, which is highly informed by self-efficacy (Atkinson, 1957).

The situated expectancy-value theory (SEVT) builds on the works of Bandura, Edwards,
and Atkinson by expanding on the concept of expectancy of success and subjective task
values to address the limitations of these constructs (Wigfield & Eccles, 1992). When it
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comes to choosing tasks, one can choose to perform a task to achieve a long-term goal
despite their perceived ability. Furthermore, high self-efficacy does not translate to
motivation to choose a task that they find little value in. Expectancy for success fails to
inform motivation behind choosing tasks that are “risk-free”, such as an ungraded assign-
ment. As for utility, as it pertains to children, it overlooks the choice of completing a task
that is irrelevant to an end goal.

Subjective Task Values capture individuals’ tendencies to pursue tasks that are posi-
tively valued and help meets the needs of individuals (Eccles et al., 1983). This involves
attainment values, incentive values, utility, and cost. According to Eccles, attainment value
reflects ideologies or practices that individuals deem important and intrinsic value alludes
to interest or enjoyment of a task. As such, individuals avoid tasks that are negatively
valued due to contextual factors (Wigfield & Eccles, 2000). Cost is the consideration of
limitations and efforts that can occur while pursuing a task (Wigfield & Eccles, 2000).
Limitations can include tasks that contradict their values or prevents other tasks from
occurring. Therefore, the SEVT framework considers motivation and attitudes from
a socio-cognitive perspective.

The SEVT framework includes external factors or the cultural milieu that can influence
expectancies of success and values. The cultural milieu involves socializers such as
parents, teachers, and friend groups who translate beliefs, expectations, and attitudes
(Wigfield & Eccles, 2000). As such, socializers influence a child’s goals and self-schema such
as their values, goals, self-abilities, and ideal self (Wigfield & Eccles, 2000). Such expec-
tancies and values are ultimately informed by their sense of belonging and self-worth in
a given space and time.

Coding attitudes among preadolescent

Early coding attitudes of preadolescent age groups have primarily revolved around the
constructs of self-efficacy, utility, or expectancy of success to measure the impact of an
intervention primarily in the form of a coding curriculum. Hermans and Aivaloglou (2017)
and Kong et al. (2018) have explored whether certain coding activities have a significant
impact on self-efficacy as defined by the perceived ability to perform a task and succeed in
their tasks. Asad et al. (2016) studied whether certain design features, specifically inter-
active coding platforms, influenced self-efficacy through a lens of perseverance.

Other works have taken a more holistic approach to the impact of learning experiences
on coding attitudes. Papavlasopoulou et al. (2018) used self-determination theory with
a focus on competence, autonomy, and relatedness, which includes extrinsic motivations
of the learning space. Mason and Rich (2020) used Eccles’ Situative Expectancy-Value
Theory to examine the impact of a coding curriculum intervention and developed the
Elementary Student Coding Attitudes Survey (ESCAS), which will be used in this study.

The ESCAS measure identified five constructs to assess early coding attitudes among
elementary-level students: Confidence, Interest, Utility, Perception of Coders, and Social
Values. Figure 1 provides a visual representation of how we interpret the ways in which
the ESCAS constructs relate to the SEVT framework, which is based on Wigfield and Eccles
(2000). For the purpose of this study, the visual only includes elements of the SEVT model
that directly align with the ESCAS measure.
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Figure 1. ESCAS constructs in relation to the SEVT framework.

Confidence, one of the constructs, reflects a student’s perceived abilities and
influences their Expectations of Success in coding tasks. This construct directly relates
to the factor of Expectancy of Success. Next, Utility and Interest are constructs
associated with Subjective Task Values. Interest refers to the positive feelings and
values students hold towards coding as an activity (Mason & Rich, 2020). Utility, as
mentioned earlier, represents the importance students place on tasks that align with
their goals (Edwards, 1954). Additionally, the creators of ESCAS identified Social Values
and Perception of Coders as constructs that are influenced by the cultural milieu.
Social Values encompass students’ perceptions of the goals, beliefs, and expectations
of socializing agents, specifically teachers and parents. Perception of Coders, on the
other hand, pertains to activity stereotypes or stereotypes related to the computer
science profession, with the measure focused on the interdisciplinary aspects of
coding.

The ESCAS tool did not identify factors that could be essential when considering
coding attitudes of underrepresented students, specifically cost and perceptions on
stereotypes related to gender and race/ethnicity. The creators initially took into account
gendered stereotypes in their analysis, but these specific items were found to have limited
significance for their sample, which predominantly consisted of white students.

Existing, published work has yet to explore the early coding attitudes of the demo-
graphic subgroups of Latinx, Latinas, and multilingual students. CS as a field is a socially
constructed entity informed by years of a biased culture shaped by affluent white males.
The perception of attitudes pertaining to who “can and cannot” do coding is a product of
deficit belief systems that remain from the racial and sexist history of the past (Margolis
et al, 2017). To effectively address the root cause of these participation gaps among
historically marginalized groups, CS must be viewed as an artifact that embodies a culture
that influences these attitude formations. Therefore, we must consider the extent to
which measures associated with CS include or exclude factors that influence to diverse,
underrepresented groups.
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Primary computer science education (CSE) studies focusing on Latinx groups have
contributed to inclusive participation practices by considering literacy and multilingual-
ism (Jacob et al., 2020; Vogels, 2021). These studies in CS literacy aim to incorporate the
language assets of multilingual students, fostering their participation in CS activities
(Jacob et al.,, 2020; Vogels, 2021). This approach involves addressing harmful dominant
practices in literacy (Vogels, 2021). Additionally, students’ computational practices they
engage in is driven by the motivation to share their background, such as interests and
enjoyment (Jacob et al., 2020).

Distance learning for students of low-SES households

This study was conducted in a distance learning approach to learning due to the
COVID-19 pandemic. We consider the impact that remote instruction has on the
formation of coding attitudes, especially in communities of low socioeconomic status
(SES). Learning in a remote environment heavily relies on a student’s ability to work
independently which involves time management, active listening, and concentration
(Sherry, 1995). For educators, establishing a relationship with their students becomes
challenging, as they must explicitly establish both an authoritative and mentorship
role for students to maintain academic performance and high participation (Sherry,
1995; Burdina et al., 2019). This places parents in a vital role in a children’s learning
process. However, parents from low SES households are more likely to face obstacles
in providing a digital environment and support in their child’s learning experiences
due to limited access to quality technology or limited knowledge (Aguilar et al., 2020;
Vogels, 2021).

Methods

In this study, we utilized a concurrent triangulation mixed-methods approach to examine
the coding attitudes of fourth-grade students in a year-long remote coding curriculum.
We collected and analyzed both quantitative and qualitative data simultaneously
(Rauscher & Greenfield, 2009). Quantitative analysis of a survey explored changes in
attitude constructs, focusing on gender and English Language fluency. This statistical
phase provided insights and identified significant patterns. At the same time, qualitative
analysis of student interviews complemented the quantitative findings, offering a deeper
understanding. Triangulating the results allowed for a comprehensive exploration of
coding attitudes, with a specific focus on how Latinx students expressed these constructs.
Our concurrent triangulation integrated parallel data collection and analysis, enhancing
the robustness and comprehensiveness of the study’s findings.

The mixed-method approach was employed to triangulate multiple datasets and
complement the findings by addressing the same research questions. The research
questions that guided this study were: How do students’ expectancy values toward coding
change over the course of a year-long, remote coding curriculum? Are these changes
moderated by gender and designation as an English Language Learner, separately? How
do children elicit their expectancy value towards coding?
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Coding curriculum

The curriculum for this study is an adaptation of the prior curriculum on block-
based coding like the Scratch platform and was modified to cater to the Latinx,
multilingual learners of our partner district (Saito-Stehberger et al., 2021; Zhang &
Nouri, 2019). The curriculum was designed to integrate English Language Arts and
included effective strategies for ELLs in STEM subjects (National Academies of
Sciences, Engineering, and Medicine, 2018). These strategies aim to support the
development of academic language in a content area by embracing students’
home language and cultural assets while also providing diverse ways to support
language comprehension of the discipline. For example, every unit begins with
prompts that ignite student background knowledge of a concept before introdu-
cing the term (e.g. “What actions do you do in order to cause something else to
happen?” for Events). The curriculum also includes a “Memorable Role Models”
activity that highlights female and computer scientists of color for our students to
relate to.

The coding instruction and assessments were initially designed for in-person instruc-
tion. In preparation for distance learning due to the COVID-19 pandemic in the 2020-2021
school year, aspects of the curriculum were modified to support distance learning. Such
modifications included videos for asynchronous instruction, converting student work-
books into Google forms to turn in assignments, and lecture slides that would support
remote synchronous teaching. Remote teaching strategies varied as some educators
taught the lesson synchronously or provided coding activities as an asynchronous
assignment.

Participants

This study was conducted during the third year of a partnership between university
researchers and a local public school district. The school district has a student population
that is predominately Latinx (96.1%) and of low socioeconomic background (87.0%)
(Educational Data Partnership, 2019). Prior to this partnership, the district did not imple-
ment a formal curriculum or training for primary educators to teach CS.

District members and principals nominated educators across six schools to participate
in the research project and offered monetary compensation for participation. A total of 12
educators volunteered to participate, which involved data collection tasks, attendance to
professional development sessions throughout the school year, and teaching a CT curri-
culum to their students for one hour a week. The research team selected five educators for
case study analysis and were chosen based on their years of experience with the
curriculum (e.g. novice, experienced) and the type of school they attended (e.g. dual
immersion programs where home languages and English are used in teaching).

Educators were tasked to distribute assessments developed by researchers,
which included a pre and post survey on coding attitudes (Mason & Rich, 2020)
and CT knowledge (Parker et al., 2021). The assessments were delivered as online
forms and delivered remotely. Educators distributed the pre-test before coding
instruction began and the post-test the last month of the school year in May.
Some educators had students complete these surveys as asynchronous
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assignments and other educators conducted the surveys synchronously to ensure
completion. The total number of responses received for the pre-test on coding
attitudes was 263 participants and the post-test was 219. Two teacher participants
did not conduct the post-test in time before the end of the school year due to
complications in scheduling. This analysis only included students that completed
both pre and post tests. The final sample size is 181, composed of 102 female
students and 62 students designated as English Language Learners (ELL). The
district provides initial language proficiency testing for incoming students to the
district to determine designation as an ELL learner.

Student interviews were conducted virtually throughout the school year for the
purpose of gathering insight into students’ developing coding identities. The case
study educators were tasked to select six case study students to be interviewed using
criteria developed by the research team, which aimed for a selection of a range of
students based on their proficiency in the English language, perceived coding abilities,
and equal representation of gender. These interviews were conducted one-on-one
through a video platform during school instruction. Student interviews were sched-
uled upon completion of the second unit, out of a total of five units, to capture
attitudes upon initial exposure to the Scratch platform. Due to scheduling and the
varied pace of each educator, student interviews were conducted between November
and May. Furthermore, not all selected case study students were able to be inter-
viewed and included in the analysis. A total of 13 student interviews were gathered
which included seven female students and six male students. Seven of these students
were designated as ELL and two of the students were redesignated to be English
Proficient.

Researchers and positionality statements

Given the importance of studying the computer science attitudes of Latinx stu-
dents, a historically marginalized group in the field, it is crucial to acknowledge the
positionality of the authors. The first author, a bilingual Latina, brings both practi-
tioner and research experience in STEM learning among underrepresented com-
munities. Her analysis is shaped by her personal background growing up in
a Mexican-immigrant household and community, which is reflective of participants
in the study. Additionally, as a first-generation college student who pursued
a STEM degree, her perspective offers insights into the factors that influence
motivations to pursue such careers. The second author, a monolingual White
woman, has extensive expertise in computer science and computer science educa-
tion, with a focus on equity and inclusion in K-12 pathways. Her experience
pursuing a degree in a male-dominated field is also a perspective that enriches
the study. Finally, the last author is a multilingual White man with a background as
a former Spanish-bilingual math and language teacher in various countries. This
experience provides valuable perspectives on educational equity for diverse lear-
ners, highlighting the role of culture in shaping academic motivation among Latinx
students.
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Measures and analysis

Elementary student coding attitudes survey

The Elementary Student Coding Attitudes Survey (ESCAS) is a validated measurement for
preadolescent age groups, specifically fourth to sixth grade (Mason & Rich, 2020). The
authors identified five latent constructs for early coding attitudes: confidence (C), interest
(1), utility (U), perception of coders (P), and Social Values (S). The survey consists of a total
of 23 items that measure across the 5 constructs, using a 6-point Likert scale with strongly
agree, agree, somewhat agree, somewhat disagree, disagree, and strongly disagree. The
ESCAS survey does not provide a neutral option and thus uses a forced-response
approach. The ESCAS survey use of a six-point Likert scale can be justified as
a continuous scale and can be treated as interval data (Norman, 2010).

A two-way repeated measures ANOVA was performed to determine whether
there is an interaction between the designation as an ELL student (ELL and Non-
ELL) and time (Time 1 and Time 2) on coding attitude scores (CAS) as well as
gender (Male and Female) and time. Time 1 refers to the pretest and before
exposure to the coding curriculum, and Time 2 refers to the posttest and after
exposure to the coding curriculum. First, the correlation coefficient was calculated
to assess the linearity between items and normality of the dataset (see Appendix
A). Next, the Shapiro-Wilk test and QQ plots were used to confirm the normality of
our dataset (see Appendix B). A repeated measures ANOVA was also used to
provide insight into within groups (e.g. ELL and Gender) interrelations.

The R function anova_test that was used for ANOVA analysis provided eta-squared (n2)
as the determinant for effect size (Kassambara, 2021). Eta-squared is the proportion of the
total variability of the dependent variable as accounted for by the variation in the
independent variable (Fay & Boyd, 2012). We follow the general rule for eta-squared
effect sizes; N2 =0.01 indicates a small effect, n2 = 0.06 indicates a medium effect, and n2
=0.14 indicates a large effect (Cohen, 1988).

For post hoc analyses, we use the Bonferroni correction for four comparisons. In this
study, we conduct two separate two-way ANOVA for each factor (i.e. gender and
language designation) to examine the interaction effect on a computational thinking
assessment across two-time points. This results in a total of 8 pairwise comparisons,
with each factor consisting of four pairwise comparisons (i.e. two conditions with two-
time points). A significance level of .05 will be adjusted to 0.00625 to account for the
error rate.

A Confirmatory Factor Analysis (CFA) was used to calculate weighted scores from
standardized factor loadings. CFA provides factor loadings of theory-driven relation-
ships across constructs (Bollen, 1989). The weight of each item was determined by
standardized factor loads and rescaled to one to six to allude to the use of a six-point
Likert scale.

Coding attitudes student interview

The interview protocol was designed to explore the constructs identified in the ESCAS
survey, as seen in Appendix |. The protocol did not include all factors of the SEVT model,
such as cost. The interviews had a duration of fifteen minutes to simplify scheduling and
minimize time away from school instruction. Student interviews were audio recorded and
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Table 1. Coding attitude codes and definitions.

Code Definition Example

Interest Expressing deep knowledge of, positive “I also think about things that | should
feelings toward, and value for activities, challenge myself to do. Like for example,
practices, or professions associated with probably even a big game like Minecraft”
coding or the activities in the curriculum.

Confidence Expressed belief in, or recalled experience of, I think yesterday we were coding in Scratch. So
self abilities to complete a particular task or  / went to go back to the [student workbook]
fulfill a particular role within specific skills and | figured it out”.
and aptitudes shown to be useful in
coding.

Utility Perceived usefulness of coding in terms of “Well, computer science has programs. If | need
how a coding task or practice fits into an some programs to help with eyesight, ear
individual's current or future plans, outside  hearing and stuff like that, helpful for people
of the expected task. around the world.”

Perception of Coders  Existing stereotypes or preconceived ideas “A computer scientist is someone it’s like
regarding what it means to be or do a scientist, but they work on computers
coding, coders, and/or the coding alot”
profession.

Social Values Mention of social circles or influences as “I enjoy doing programming with my
experiences, sentiments, or behaviors programming teacher is what gave me the
towards coding are described. support”.

transcribed using software and human transcribers. A lead researcher and two under-
graduate research assistants developed a codebook through an iterative deductive
process. The qualitative research codebook underwent a rigorous process to establish
reliability and agreement. Initially, four interview transcripts were independently coded
by each researcher. Collaborative discussions were held among the researchers to recon-
cile any discrepancies and achieve consensus on excerpts that shed light on coding
attitudes. This iterative process not only refined the definition of each code but also
ensured consistency across interpretations. The refined definitions of the codes can be
found in Table 1. To further enhance reliability, the remaining interviews were divided
among the researchers and independently coded. The qualitative analysis was not
designed to determine qualitative differences between gender and ELL students.
Instead, it is composed of equal representation of each student group to reach saturation
in the ways in which the attitude constructs are elicited (Saunders et al., 2018).

Findings
Coding attitudes survey

A weighted factor score was calculated using CFA to determine how much a survey item
informed an attitude construct. The post-test was used for CFA analysis since the summa-
tion of Likert responses met normal distribution and had a stronger correlation than the
pre-test scores. The Comparative Fit Index (CFI) resulted in 0.887 and the Tucker-Lewis
Index (TLI) was 0.870, which is close to the acceptable range of good fit of 0.95 or above
(Dion, 2008). The Root Mean Square Error of Approximation (RMSEA) was 0.066 and the
Standardized RMSEA was 0.070, which is an appropriate limit (Dion, 2008). These findings
indicate that the model provides a reasonably accurate representation of the data and
therefore appropriate to use the factor scores of the model.
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Table 2. ESCAS survey items, standardized weighted, and mean differences between time.

Std
EVT Construct ltem Weight Pre Post Mean Diff
Confidence C1: | can learn to code. 0.75 338 356 0.185
(HPS =22.2) C2:1am good at coding. 0.81 273 3.14 0405
C3:1am good at problem solving. 048 205 212 0.067
C4: | can write clear instructions for a robot or computer to follow. 057 195 214  0.185
C5: If my code doesn’t work, | can find my mistake and fix it. 0.59 258 277 0.196
C6: I've been told | would be good at coding. 050 158 1.82 0.233
Interest 11: I like coding, or | think | would like coding. 0.82 342 371 0299
(HPS = 23.4)  12: | would like to learn more about coding. 0.85 4.18 3.96 -
13: Solving coding problems seems fun. 0.78 343 341 0217
14: Coding is interesting. 0.76 3.53 377 -0.026
15: 1 would like to study coding in the future. 0.68 296 278 0.236
Utility U1: 1 can use coding skills in other school subjects. 0.68 276 295 —0.173
(HPS = 15.2)  U2: Knowing how to code will help me to create useful things. 0.68 3.05 3.15 0.188
U3: Knowing how to code will help me solve problems. 0.66 285 287 0.105
U4: | think | will need to understand coding for my future job. 0.52 205 194 0.022
Social Values  S1: My friends think coding is cool. 0.53 205 228 -0.114
(HPS =9.61)  S2: My parents think coding is important. 033 129 137 0235
S3: I am friends with kids who code. 075 232 314 0.079
Perception P1: Kids who code are smarter than average. 0.60 235 244 0.820
(HPS = 19.0)  P2: Kids who code enjoy doing sports. 0.54 1.83 1.82 0.090
P3: Coders are good at math. 0.69 3.03 3.12  0.006
P4: Coders are good at science. 0.67 295 3.08 0.091
P5: Coders are good at language arts. 065 256 264 0.130

HPS = Highest Possible Score.

Table 3. Weighted sum mean scores in time 1 and time 2 and

by groups.
Pre Post
N M SD M SD M Diff
Total 181 6.9 9.94 64.0 1.8 3.1
ELL 62 59.4 1.8 62.8 9.43 3.4
Non-ELL 119 61.7 9.39 64.7 11.5 3.0
Female 102 6.6 9.75 63.2 11.1 26
Male 79 61.21.2 65.0 1.5 38

Table 2 provides the resulting standardized factor loads for each survey item which
were all above the 0.32 cutoff (Worthington & Whittaker, 2006). The descriptive statistics
of the weighted scores across time and by groups can be found in Table 3 below. The box
plots that visualize the pre and post differences across the SEVT indicators and by groups
can be seen in Appendix C to Appendix H.

Assumptions for ANOVA were tested to ensure the weighted data scores are appro-
priate for analysis in terms of normality and identifying outliers. The Shapiro-Wilk test was
conducted on the total weighted mean scores in Time 1 and Time 2. According to the test,
the coding attitude score was normally distributed in Time 1 (p =0.562; p > 0.05) but not
in Time 2 (p <.001). After consulting the QQ plots, which can be seen in Appendix B, we
confirmed that most data points fell along the reference line with a few outliers at the left.
Therefore, we assume normality for our data.

Eight extreme outliers were identified and were representative of students that are
important for our study, with five students designated as ELL and seven students who are
female. The two-way ANOVA test was conducted with and without these outliers and
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Table 4. Mean Scores and differences of SEVT constructs in time 1 and time 2 and by group.

n 12 n 12
M SD M SD M Diff M SD M SD M Diff

Interest (HPS= 22.2) Social (HPS=9.61)

Time 175 396 176 456 0.12 Time 566 177 680 176 1.14

ELL 164 342 173 438 090 ELL 561 1.86 6.51 177 090

Non-ELL 18.1 410 178 466 -0.30 Non-ELL 569 172 695 174 1.26

Female 174 3,67 174 468 0.00 Female 578 161 6.68 178 0.90

Male 17.7 432 180 441 030 Male 551 195 694 173 143
Confidence (HPS = 23.4) Perception (HPS = 19.0)

Time 143 3.07 155 333 127 Time 127 277 131 278 040

ELL 13.8 331 151 322 130 ELL 13.0 332 130 286 0.00

Non-ELL 145 292 158 337 130 Non-ELL 126 243 131 274 050

Female 140 285 151 346 1.10 Female 127 260 13.1 252 040

Male 147 330 161 3.08 140 Male 127 299 131 3.09 040
Utility (HPS = 15.2)

Time 107 219 109 227 0.20

ELL 105 219 108 212 030

Non-ELL 108 219 11.0 235 0.20

Female 107 222 109 229 0.20

Male 107 215 109 226 0.20

HPS=HighestPossibleScore,T1=Time1orPretest,T2=Time2orPosttest M=Mean,SD=StandardDeviation,
MD=meandifference.

Table 5. Results of repeated measures two-way ANOVA by SEVT construct. * p < 0.00625.

F p n2 F p n2
Total Utility (U)
ELL Status 3.34 0.068 0.009 ELL Status 1.09 0.297 0.003
Gender 1.23 0.269 0.003 Gender 0.05 0.826 0.00t
Time 8.15 0.005* 0.022 Time 0.73 0.395 0.002
ELL X Time 0.03 0.858 0.00t ELL X Time 0.02 0.896 0.00t
Gender X Time 0.30 0.584 0.001 Gender X Time <0.001 0.978 0.00t
Interest (1) Social (S)
ELL Status 5.57 0.019 0.015 ELL Status 1.78 0.184 0.005
Gender 0.90 0.344 0.003 Gender <0.001 0.980 0.00t
Time 0.07 0.788 0.00t Time 0.63 <0.001* 0.095
ELL X Time 1.87 0.172 0.005 ELL X Time 0.86 0.353 0.002
Gender X Time 0.13 0.716 0.00t Gender X Time 2.09 0.150 0.006
Confidence (C) Perception (P)
ELL Status 3.53 0.061 0.010 ELL Status 0.39 0.536 <0.001
Gender 6.51 0.011 0.018 Gender <0.001 0.970 0.00t
Time 14.3 <0.001* 0.039 Time 1.81 0.180 <0.001
ELL X Time <0.001 0.998 0.00t ELL X Time 0.87 0.351 <0.001
Gender X Time 0.16 0.692 0.00t Gender X Time 0.02 0.886 0.00t
*p<.006,
1 is < 0.0001

resulted in similar outcomes when analyzing the difference in ESCAS scores across time,
gender, and designation of ELL. Both analyses resulted with time as the only significant
difference. Without outliers, time (F = 13.4, p < .000) was significant with a small effect size
of 0.038. In comparison to time (F = 8.18, p =.004) with outliers with a smaller effect size of
0.022, as seen in Table 4 below. Given that the aim of this study aims to understand the
coding attitudes of underrepresented students in CS, the identified outliers were kept in
our analysis.

The ANOVA analysis showed that while there are significant changes to coding
attitudes across time, there were no meaningful differences in coding attitude scores
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based on gender or English Language Learner status. As displayed in Table 5 below, there
are no statistically significant two-way interactions between gender and time (F =.30, p
=.269) or between the designation of ELL and time (F =.03, p =.068) on coding attitude
scores. Such is the case within SEVT constructs, as well. The overall ESCAS had a significant
difference before and after exposure to the remote coding curriculum with a small effect
size (F=8.15, p=.005, n2 =0.02).

Additionally, the results show that there are significant changes across time when we
look at each attitude construct separately. Within each SEVT construct, confidence and
social values had a significant difference before and after exposure to the remote coding
curriculum with confidence having a small effect size (F=14.3, p<.001, n2=0.04) and
social values having a moderate effect size (F =.63, p <.001, n2=0.10).

Student interviews

To obtain insight into confidence, we looked at comments on the ability to “learn to code”
and instances when children reflected on programming instances such as debugging.
Students generally expressed the capability to grow in their coding abilities and to learn
to code. This was further elicited when students described feelings towards the process of
“fixing” their code, such as confidence or capabilities in resolving problems in their
program. However, many students acknowledged that fixing their code would require
some perseverance if there was an issue. As a student, Laura (all names are pseudonyms),
reflected on having mistakes in their program, she said, “I feel kind of upset, but I still think
that | can make it happen”. In a similar manner, students acknowledged that fixing
problems can help their learning process, which can allude to the motivation behind
persevering mistakes in their program. As a student, Karina, mentioned, “I feel a little sad,
but then again, | feel happy. Cause then | know that doesn’t work. So | know that | can try
something else. | learned from my mistakes. So | know | can try something else and
remember that, that doesn’t work”.

In relation to interest, students expressed positive sentiments toward their learning
experience and willingness to learn more. Interest in coding was strongly connected to
the storytelling and personalization nature of the Scratch platform that allows for “creat-
[ing] our own creations”, as a student Hector shared. This agency for creativity enhances
their interest and motivation to teach themselves new features and blocks on the plat-
form. For example, one student, Mandy, recalled, “My favorite project that | made is the
About Me project because | got to use my creativity in most of the projects. And | did
a little bit more learning and hard work on it and | did art that took me some hours”. The
“little bit more learning” in her case consisted of learning code blocks outside the
curriculum, such as the broadcast feature.

Students expressed an agreement to the “importance” of coding and the CS profes-
sion, but for a range of reasons. Most students reported how CS was helpful in enhancing
technology for social impact or benefitting society. Among them was Karina, who imme-
diately associated computer scientists with futuristic designs: “Um, they could code, they
could code like the plans for the first flying car or the first digital phone. I'm just thinking
of stuff as digital in the future”. Some students associate the importance of the profession
with the advancement of technology for society, like when Hector acknowledged how
technology is used everywhere through machinery: “Some people use computers.
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Sometimes they create stuff they could use. And so they learn how to use it and they start
using it a lot better”.

Students’ perceptions of coders went hand in hand with their description of the
importance of CS. For the most part, they associate coders as creators, innovators, and
problem solvers of technology. Some students even mentioned their teacher as an
example of a computer scientist. However, not all students were able to respond and
provide a description of a computer scientist beyond that of what they have experienced
in the classroom. For example, Josh defined a computer scientist as “[Tlhey could learn
more in computer science and coding classes”. But when prompted on how that can
“make the world better”, he shrugged and could not elaborate further.

To understand the social influences of our students, the interview questions prompted
students to disclose any discussion of or experiences in coding outside of the classroom.
Three students reveal having a relative who is a computer scientist, while the majority do
not have access to individuals that work in the computing field. Still, the majority of
students mentioned that they have shown or discussed their coding projects with their
family and friends. While not all students mentioned parents, many disclosed coding with
their cousins or siblings. As Hector mentioned “Well, | talk about it sometimes ... [I] talk
about it with my little brother and we do stuff, fun stuff, our own creations”. Siblings
continue to be an influence for most students, like Carol who said “My parents think
[Scratch] is like homework because, um, they don't really know because they speak
Spanish. Well, my brother will understand if | explained it to him”.

Given the storytelling nature of Scratch, their social circles are sources of inspiration for
their project topics. As Karina mentioned, “[l]t's for my siblings that I've been wanting to
make for almost for forever ... cause my siblings are obsessed ... they will always want to
use my phone ... | want to make an animation about, um, phone addiction”. Her will-
ingness to teach her siblings about technology habits is a clear motivator for Karina to
plan for projects beyond the curriculum. At the same time, sharing with others is
a motivation for students to pursue their passion projects, with students like Melanie
who expressed eagerness to share her project virtually: “I'm going ... continue working on
this one so | can just show my class so once I'm done so I'm gonna collect my friends and
then I'm gonna show my friends on like | think a zoom..."

Discussion

Previous research has established the association between attitudes and behavior, under-
scoring the role of behavior as an indicator of developing identity (Hallajow, 2018; Hogg &
Vaughan, 2011). Our study examines the attitudes of young students towards computer
science education after exposure to a year-long remote curriculum, utilizing survey and
interview data. The significant difference between the pre and post-test scores across
time can be informed by the mean difference of social values (MD= 1.14) and confidence
(MD=1.27). Attitudes serve as a cognitive process that relates individuals to their per-
ceived world (Pratkanis & Greenwald, 1989), and our findings show that social values and
confidence are key factors when considering early formations of coding attitudes among
Latinx students. Through our analysis, we highlight findings that contribute to the existing
literature and emphasize the significance of this work.
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Social values

The significant change in perceived social values of parents and teachers echoes the
importance that socializers have on children (Eccles & Harold, 1996,; Noack, 2004). As we
look at the items that inform social influence, displayed in Table 2 above, we see the most
gain was in item S3 “I am friends with kids who code” (MD=.820) and item S2 “My friends
think coding is cool”, (MD=.235). Exposure to coding with a classroom of peers can inform
the perception of having “friends” who code, while item S2 gives insight into the
perceived positive views that peers have towards coding. This confirms prior work
which indicated that preadolescent students’ attitudes are influenced by their immediate
social circles (Eccles & Harold, 1996; Noack, 2004). Moreso, our findings show that virtual
learning environments with familiar peers can also influence coding attitudes.

Literature has shown that preadolescent age groups are primarily influenced by their
parents more so than their peers (Wigfield et al., 2015). Students indicate that coding
discussions at home with parents revolve around the projects they have created as part of
the course or emphasize the importance of learning to code, which can inform the small
change in item S3 “My parents think coding is important” (MD=.079). Yet, interview findings
indicated that parents are not the sole socialization influences for at-home learning, as
students reported engaging in coding discussions and practices with siblings and cousins.

While studies on socializers have primarily focused on teachers and parents as influen-
tial figures, there has been less exploration of other familial relationships (Simpkins et al.,
2020). The involvement of extended social circles may arise from parents’ limited aware-
ness of technology, the US education system, or demanding work schedules (Aschbacher
et al,, 2010). In the context of computer science, students often seek guidance from
individuals in their immediate circles who actively use technology in their daily lives or
have knowledge of coding platforms, such as older siblings experienced with Scratch. This
finding reveals the need for studies on motivation in technology-oriented fields to
consider social values beyond the parent-child dynamic. Consequently, evaluative tools
assessing early coding motivation should incorporate items that reflect how social circles
and their relationship to technology can impact motivational factors.

The qualitative findings of this study provide valuable insights into the influence of
social circles on the content of coding projects. Students emphasized that their coding
projects were often driven by a desire to assist and benefit their families. These findings
shed light on the underlying motivations and subjective values that shape students’
engagement with coding. It is evident from our research that the value of aiding their
families is deeply ingrained in students’ coding practices. This value aligns with the
concept of attainment value, which reflects the significance students attribute to certain
activities and informs their personal values and aspirations (Eccles et al., 1983). Our
findings reveal the need to enhance the ESCAS measure by considering not only interest
and utility but also the role of other values, particularly those influenced by students’
cultural backgrounds, in the early stages of coding motivation development.

Confidence

As seen in Table 2, we see the confidence item with the greatest increase was C2 “I am
good at coding” (MD=.405), which represents an increased expectancy for success in this
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domain. Our analysis of the student interviews further shows that students have
a perceived ability and capability of growth of general coding skills, which involves fixing
their programs for their storytelling project. Yet, we do not see a lower increase with items
that allude to the attainment of fundamental CT skills with C4 “I can write clear instructions
for a robot or computer to follow” (MD=.185), which represents the understanding of the
concept of algorithms, and C5 “If my code doesn’t work, | can find my mistake and fix it
(MD=.196), which is representative of the practice of debugging. Similarly, the smallest
increase among all confidence items was C3 “I am good at problem solving” (MD=.067).
Maintenance of confidence and self-efficacy in coding is rooted in the belief to succeed in
tasks or roles that are deemed as essential for a domain, such as algorithms, debugging,
and problem solving.

Ensuring that students feel confident in specific coding skills is essential to maintain their
overall confidence and belief in long-term success. When comparing cultural groups, it is
evident that underrepresented students, particularly those with intersecting identities such
as gender and race, tend to express less confidence in coding compared to their more
privileged peers (Salguero et al., 2021; Roman-Gonzélez et al., 2018; Kallia & Sentence, 2018).
Moreover, it emphasizes the need for explicit strategies to build coding-specific skills and
confidence (Garcia et al,, 2023), utilizing existing processes to foster this confidence.

This finding also questions what students associate coding with and whether there is
a clear connection between coding on the Scratch platform and the general skills required
to work with robots or computers. Prior studies on children’s understanding of computer
scientists and computers revealed that children described actions such as “typing” and
“making” as actions that computer scientists do, while simultaneously using vocabulary
such as programming and coding (Hansen et al., 2016). Student interviews did not dive
deep into terminology they associate with CS, but our findings from the qualitative
interview show that students’ perceptions of what computer scientists do revolve around
the improvement of various forms of technology. However, not all students were able to
make this connection to the greater impact of CS and limited their definition to the acts of
coding. This indicates that students’ perceptions of coding at the elementary level have
mixed results and further research is required to determine such differences.

It is apparent that children have challenges with transferring ideas from the immediate
and tangible experience that is a block-based Scratch program, to coding objects they are
aware of in their world such as robots or computers that they have yet to explore.
However, we acknowledge the difficulty in the transfer can be due to remote instruction,
as there is a greater disconnect between educators and students to ensure academic
performance (Burdina et al., 2019). Additionally, a year-long curriculum is not enough to
make such connections for this age group. Policymakers and curriculum developers
should address this gap in knowledge transfer and awareness regarding the diverse
impact and practices encompassed in computer science within learning trajectories.

Qualitative findings highlight the connection between students’ perseverance and their
confidence in their learning abilities. Students emphasize the value of practice and learning
from mistakes when describing their capability to learn Scratch. This is reflective of the cultural
Latinx value of ganas, or the will to succeed that is often practiced when it comes to education
(Azpeitia & Bacio, 2022). Overall, the mixed findings reveal that deeper social values that are
reflective of their cultural background can be informing coding confidence. Future work is
needed to expand on social and cultural forces that influence elementary grade students.
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Perceptions, utility, and interest

There were no significant changes in Utility and Perceptions across time or between our
groups of interest. The coding intervention had minimal impact on students’ view of
coders as being interdisciplinary across subjects (perception) and as something that is
useful for their current or future goals (utility). The interviews showed that students
indeed view coding and CS as important for the general world, with descriptions of
how technology can better help individuals or even how storytelling through Scratch
can bring awareness to topics. Yet, there was no qualitative evidence as to a connection
between coding and their immediate lives, much less on the interdisciplinary view of
coding (e.g. Coders are good at language arts).

General outcomes regarding the utility obtainment during early coding exposure at
the elementary level have been inconsistent. Research has shown that students find
coding to be useful when exposed to a variety of coding platforms, including both block-
based coding and syntax-based languages such as Python and Racket (Liu et al., 2022).
However, the use of only visual programming platforms like Ozobot and Dash and Dot did
not yield the same level of utility (Sdez Lopez et al., 2021). These results suggest that the
utility of coding may depend on the specific coding experiences informed by the platform
and the challenges encountered.

The lack of significant change of utility could be attributed to the limited exposure
students have to practice coding. Specifically, a year of exposure and the use of only the
Scratch platform may not be enough for students to significantly grow in how they view
coding as relevant to their personal goals. Additionally, along with the limited perception
of coders and impact of coding, our results indicate that students early coding motivation
is perhaps irrelevant to personal end goals (Wigfield & Eccles, 2000). However, that is not
to say that interventions cannot begin to instill utility and better perception of coders for
this age group.

Early exposure to coding has been found to increase future interest in the field (Miller,
2018). Despite the lack of significant changes in interest, the qualitative evidence showed
that developing interest was tied to the creative freedom that the students engaged in.
This aligns with a similar study wherein interest in learning the content was due to
creative practices of the activity which include self-creation, experimentation, and inde-
pendent learning (Liu et al., 2022). The remote coding curriculum took on a structured
inquiry approach, where students are given projects to create but have a sense of creative
freedom to personalize their projects on the Scratch platform. While such an approach is
important for students who are new to a topic (Jacob et al., 2020), curriculum designers
should also consider incorporating activities for full creative freedom among underrepre-
sented students to develop a sense of what the act of “coding” entails.

While utility, perception, and interest were not quantitatively significant in our models,
we want to stress how that finding does not imply these factors are not present. Rather,
our interviews indicate otherwise. Our mixed-method approach allows us to see how the
students interact with coding from the perspective of these other factors, even if they may
not be as present or as significant as confidence and social values. Future work can
continue to explore the interplay between these factors.
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Demographic factors

There were no consistent patterns across ELL designation and Gender as key moderators
for ESCAS. The insignificant findings align with mixed findings on attitude differences
between social groups (Carlone et al., 2014; Maltese, Melki, & Wiebke, 2014). In the case of
multilingual students, the lack of curricula that is culturally relevant and inclusive of their
linguistic background negatively impacts their motivation toward the field (Beier et al.,
2019). Studies have found that culturally responsive teaching and hands-on inquiry
approaches supported multilingual students’ engagement and motivation in CS (; Dou
et al., 2019). Seeing that designation as an English Language Learner is not a significant
predictor of motivation changes, it can be due to elements of the curriculum and learning
at home, where their culture and background is embraced. While we cannot identify the
specific factors that can inform how ELL students were supported, our findings hint at the
benefits of the integration of English Language Arts in computer science curricula and
learning code at home.

Gender was incorporated to consider whether their gender identities influence their
attribution towards coding (Pratkanis & Greenwald, 1989). Our findings show that there
are no gender differences in attitude changes upon exposure to a year long remote
curriculum. This differs from the growth of studies that found gender differences in
attitudes towards computer science among elementary level students. A study found
that among 4th-6th graders, boys displayed greater confidence and interest in CS/STEM
than girls (Dou et al.,, 2019). Similarly, male students have been found to exhibit higher CS
attitudes than their female counterparts in elementary (Vandenberg et al,, 2021).

Given the remote nature of our study, we must acknowledge that our findings do not
provide sufficient evidence to conclude that Latinx students’ early coding attitudes are
unaffected by their gender identities. Unlike most computer science interventions in the
literature, our study involved a remote curriculum where students learned to code for the
first time at home, rather than in a traditional classroom environment. According to Eccles
et al. (1983), gender differences in attitudes and goals are influenced by social and cultural
forces that constantly shape individuals’ self-schema. In our case of remote learning,
students were navigating a new topic. While parents are key socializers in the household,
the new topic of coding is unfamiliar and new just like the student. Moreover, the remote
learning environment posed challenges in terms of natural collaboration and interaction
among peers, which are factors that can significantly impact students’ self schema as
a coder and diverse identities, including gender.

Furthermore, it is important to address the limitations of the measurement tool used in
this study and the necessity of explicitly incorporating items that capture the social forces
contributing to gender disparities. The ESCAS measure included items related to stereo-
types but may not have been adequately tailored to our sample population, which
predominantly consisted of white individuals with a reasonable gender representation
(Mason & Rich, 2020). To better capture the nuances of gender influences, future research
should focus on developing stronger measurement items that consider the diverse social
and cultural factors affecting Latinx students’ attitudes towards coding.
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Conclusion

This study focused on changes in coding attitudes among Latinx students follow-
ing exposure to a remote coding curriculum, supported by both quantitative and
qualitative evidence to gain deeper insights into how attitudes were portrayed.
Recognizing that attitudes provide a glimpse into developing identities that can
influence educational opportunities, our findings made a meaningful contribution
to the growing field of elementary computing and motivation. The study revealed
how early exposure to a remote coding curriculum resulted in significant changes
to coding confidence and the perception of social values among parents and
peers. Qualitative findings unveiled that students relied on values that informed
their confidence and approach to coding projects, specifically perseverance and the
importance of helping family. Examination of mean differences highlighted the
need to explicitly address confidence in specific coding skills. Additionally, we
uncovered the role that creativity played in developing interest and discussed
the limitations of a yearlong exposure to a curriculum and the use of a single
platform on utility and perception of coders. Various opportunities for future
research were suggested, particularly focusing on factors that influenced early
coding motivation among Latinx students, such as cost, stereotypes, and cultural
values.

Limitations

Our study and findings are subject to several limitations that should be acknowl-
edged. Firstly, the absence of a control group in our research design prevents us
from establishing a relationship between ESCAS outcomes and the curriculum
intervention or the remote learning environment. Secondly, our analysis of atti-
tudes was constrained by the coding constructs identified by the validated mea-
sure for elementary-aged students. We have acknowledged and described the
limitations of this measure and have proposed avenues for improvement, which
have implications for the development of more comprehensive measures of early
coding motivation.

Furthermore, future research should explore the comprehensive SEVT framework
that encompasses coding attitudes. In particular, it is crucial to consider the costs,
attainment values, and extended socializers associated with the participation of under-
represented students in coding learning experiences, taking into account their diverse
identities. Nonetheless, our findings shed light on the initial coding attitudes of
a group that has been understudied, primarily due to their young age and ethnic
background.

Acknowledgments

| would like to thank my advisor, Mark Warschauer, the ECforALL research team, and undergraduate
research assistants Emily Lee and Adaeze Oduma. Finally, | would like to thank Santa Ana Unified for
supporting this ongoing work.



COMPUTER SCIENCE EDUCATION e 21

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This work was supported by the National Science Foundation under Grant #1738825; Department of
Education under Grant #U411C190092.

Notes on contributor

Leiny Garcia is a Ph.D. student specializing in Teaching, Learning, and Educational Improvement
with a focus on broadening participation in computer science education among culturally and
linguistically diverse students.

ORCID

Leiny Garcia (&) http://orcid.org/0000-0002-2735-842X
Miranda Parker (©) http://orcid.org/0000-0003-0066-2664
Mark Warschauer (1) http://orcid.org/0000-0002-6817-4416

Data availability statement

The data that support the findings of this study are available on request from the corresponding
author, Leiny Garcia. The data are not publicly available due to containing information that could
compromise the privacy of research participants.

References

Aguilar, S. J., Galperin, H., Baek, C., & Gonzalez, E. (2020, October 14). When school comes home: How
low-income families are adapting to distance learning. https://doi.org/10.35542/0sf.io/su8wk
Asad, K., Tibi, M., & Raiyn, J. (2016). Primary school pupils’ attitudes toward learning programming
through visual interactive environments. World Journal of Education, 6(5), 20-26. https://doi.org/

10.5430/wje.v6n5p20

Aschbacher, P. R, Li, E., & Roth, E. J. (2010). Is science me? High school students’identities, par-
ticipation and aspirations in science, engineering, and medicine.Journal of. Research in
ScienceTeaching, 47(5), 564-582. https://doi.org/10.1002/tea.20353

Atkinson, J. W. (1957). Motivational determinants of risk-taking behavior. Psychological Review, 64
(6p1), 359. https://doi.org/10.1037/h0043445

Azpeitia, J., & Bacio, G. A. (2022). “Dedicado a mi familia”: The role of familismo on academic
outcomes among latinx college students. Emerging Adulthood, 10(4), 923-937. https://doi.org/
10.1177/21676968221099259

Bandura A. (1977). Self-efficacy: Toward a unifying theory of behavioral change. Psychological
Review, 84(2), 191-215. https://doi.org/10.1037/0033-295X.84.2.191

Bandura, A. (2005). The Evolution of Social Cognitive Theory. In K. G. Smith, & M. A. Hitt (Eds.), Great
Minds in Management (pp. 9-35). Oxford: Oxford University Press.

Beier, M. E., Kim, M. H., Saterbak, A., Leautaud, V., Bishnoi, S., & Gilberto, J. M. (2019). The effect of
authentic project-based learning on attitudes and career aspirations in STEM. Journal of Research
in Science Teaching, 56(1), 3-23. https://doi.org/10.1002/tea.21465

Beyer, S. (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


https://doi.org/10.35542/osf.io/su8wk
https://doi.org/10.5430/wje.v6n5p20
https://doi.org/10.5430/wje.v6n5p20
https://doi.org/10.1002/tea.20353
https://doi.org/10.1037/h0043445
https://doi.org/10.1177/21676968221099259
https://doi.org/10.1177/21676968221099259
https://doi.org/10.1037/0033-295X.84.2.191
https://doi.org/10.1002/tea.21465

22 (&) L GARCIAETAL.

grades. Computer Science Education, 24(2-3), 153-192. https://doi.org/10.1080/08993408.2014.
963363

Bollen, K. A. (1989). Confirmatory factor analysis. In K. A. Bollen (Ed.), Structural equations with latent
variables (pp. 226-318). New York: John Wiley & Sons.

Bronfenbrenner, U. (1979). The ecology of human development: Experiments by nature and design.
Harvard University press.

Burdina, M.G., Krapotkina, I. E,, & Nasyrova, L. G. (2019). Distance Learning in Elementary School
Classrooms: An Emerging Framework for Contemporary Practice. International Journal of
Instruction, 12(1), 1-16. https://doi.org/10.29333/iji.2019.1211a

Capobianco, B. M., French, B. F., & Diefes-du, H. A. (2012). Engineering identity development among
pre-adolescent learners. Journal of Engineering Education, 101(4), 698-716. https://doi.org/10.
1002/j.2168-9830.2012.tb01125.x

Carlone, H. B, Scott, C. M., & Lowder, C. (2014). Becoming (less) scientific: A longitudinal study of
students’ identity work from elementary to middle school science. Journal of Research in Science
Teaching, 51(7), 836-869. https://doi.org/10.1002/tea.21150

Code.org, CSTA, & ECEP Alliance. (2020). 2020 state of computer science education: llluminating
disparities. Retrieved from https://advocacy.code.org/stateofcs

Cohen, J. (1988). Statistical power analysis for the behavioral sciences, 2nd Edition. Routledge
“Correlation and Linear Regression” in Mangiafico, S.S. 2016. Summary and Analysis of Extension
Program Evaluation in R, version 1.13.6. http://rcompanion.org/handbook/I_10.html

Dion, P. A. (2008). Interpreting structural equation modeling results: A reply to Martin and Cullen.
Journal of Business Ethics, 83(3), 365-368. https://doi.org/10.1007/510551-007-9634-7

Dou, R., Hazari, Z,, Dabney, K., Sonnert, G., & Sadler, P. (2019). Early informal STEM experiences and
STEM identity: The importance of talking science. Science Education, 103(3), 623-637. https://doi.
org/10.1002/sce.21499

Eccles, J., Adler, T., Futterman, R., Goff, S., Kaczala, C., Meece, J., & Midgley, C. (1983). Expectations,
values, and academic behaviors. In Spence, J. T. (Ed.), Achievement and achievement motives (pp.
75-146). W.H. Freeman and Company.

Eccles, J. S., & Harold, R. D. (1996). Family involvement in children's and adolescents' schooling. In J.
S. Eccles & R. D. Harold (Eds.), Family-school links (1st ed., pp. 3-34). New York: Routledge. https://
doi.org/10.4324/9781315827407

Educational Data Partnership. (2019). District summary: Santa ana unified. Retrieved from https://
www.ed-data.org/district/Orange/Santa-Ana-Unified

Edwards, W. (1954). The theory of decision making. Psychological Bulletin, 51(4), 380. https://doi.org/
10.1037/h0053870

Fay, K., & Boyd, M. J. (2012). Encyclopedia of research design: Eta-squared. SAGE Publications, Inc.
https://doi.org/10.4135/9781412961288

Garcia, L. Y., Parker, M. C,, Ojeda-Ramirez, S., & Warschauer, M. (2023, March). Confidence is the Key:
Unlocking Predictive Factors of Latinx Elementary Students on a Computational Thinking
Measure. In Proceedings of the 54th ACM Technical Symposium on Computer Science Education V.
1 (pp. 326-332).

Hallajow, N. (2018). Identity and attitude: Eternal conflict or harmonious coexistence. Journal of
Social Sciences, 14(1), 43-54. https://doi.org/10.3844/jssp.2018.43.54

Hansen, A. K., Dwyer, H., Harlow, D. B., & Franklin, D. (2016). What is a computer scientist?
Developing the draw-A-Computer-scientist-test for elementary school students. AERA Online
Paper Repository.

Hermans, F., & Aivaloglou, E. (2017, November). To scratch or not to scratch? A controlled experi-
ment comparing plugged first and unplugged first programming lessons. In Proceedings of the
12th workshop on primary and secondary computing education (pp. 49-56). https://doi.org/10.
1145/3137065.3137072

Hogg, M. A, Terry, D. J., & White, K. M. (1995). A tale of two theories: A critical comparison of identity
theory with social identity theory. Social Psychology Quarterly, 58(4), 255-269. https://doi.org/10.
2307/2787127

Hogg, M. A., & Vaughan, G. M. (2011). Self and identity. Social Psychology, 6, 111-146.


https://doi.org/10.1080/08993408.2014.963363
https://doi.org/10.1080/08993408.2014.963363
https://doi.org/10.29333/iji.2019.1211a
https://doi.org/10.1002/j.2168-9830.2012.tb01125.x
https://doi.org/10.1002/j.2168-9830.2012.tb01125.x
https://doi.org/10.1002/tea.21150
https://advocacy.code.org/stateofcs
http://rcompanion.org/handbook/I_10.html
https://doi.org/10.1007/s10551-007-9634-7
https://doi.org/10.1002/sce.21499
https://doi.org/10.1002/sce.21499
https://doi.org/10.4324/9781315827407
https://doi.org/10.4324/9781315827407
https://www.ed-data.org/district/Orange/Santa-Ana-Unified
https://www.ed-data.org/district/Orange/Santa-Ana-Unified
https://doi.org/10.1037/h0053870
https://doi.org/10.1037/h0053870
https://doi.org/10.4135/9781412961288
https://doi.org/10.3844/jssp.2018.43.54
https://doi.org/10.1145/3137065.3137072
https://doi.org/10.1145/3137065.3137072
https://doi.org/10.2307/2787127
https://doi.org/10.2307/2787127

COMPUTER SCIENCE EDUCATION e 23

Institute of Education Sciences (IES), National Center for Education Statistics (NCES), and US
Department of Education (USDE). (2021, May). Report on the Condition of Education: English
Language Learners. Retrieved December 6, 2021 from https://nces.ed.gov/pubs2021/2021144.pdf

Jacob, S., Nguyen, H., Garcia, L., Richardson, D., & Warschauer, M. (2020, March). Teaching computa-
tional thinking to multilingual students through inquiry-based learning. In 2020 Research on
Equity and Sustained Participation in Engineering, Computing, and Technology. Portland, OR, USA.
(Vol. 1, pp. 1-8). IEEE.

Jacob, S., Nguyen, H., Garcia, L., Richardson, D., & Warschauer, M. (2020, March). Teaching computa-
tional thinking to multilingual students through inquiry-based learning. In Research on Equity and
Sustained Participation in Engineering, Computing, and Technology (Vol. 1, pp. 1-8). |IEEE.

Kafai Y B and Burke Q. (2015). Constructionist Gaming: Understanding the Benefits of Making Games
for Learning. Educational Psychologist, 50(4), 313-334. https://doi.org/10.1080/00461520.2015.
1124022

Kallia, M., & Sentance, S. (2018, October). Are boys more confident than girls? the role of calibration
and students' self-efficacy in programming tasks and computer science. In Proceedings of the 13th
workshop in primary and secondary computing education (pp. 1-4).

Kassambara, A. (2021). Anova_test: Anova test. R package version 0.7.0. https://www.rdocumenta
tion.org/packages/rstatix/versions/0.7.0/topics/anova_test

Kong, S. C., Chiu, M. M., & Lai, M. (2018). A study of primary school students’ interest, collaboration
attitude, and programming empowerment in computational thinking education. Computers &
Education, 127, 178-189. https://doi.org/10.1016/j.compedu.2018.08.026

Lambi¢ D, Pori¢ B and Ivakic S. (2021). Investigating the effect of the use of code.org on younger
elementary school students’ attitudes towards programming. Behaviour & Information
Technology, 40(16), 1784-1795. https://doi.org/10.1080/0144929X.2020.1781931

Lee, O., & Stephens, A. (2020). English learners in STEM subjects: Contemporary views on STEM
subjects and language with English learners. Educational Researcher, 49(6), 426-432. https://doi.
0rg/10.3102/0013189X20923708

Liu, H., Wu, Z,, Lu, Y., & Zhu, L. (2022). Exploring the balance between computational thinking and
learning motivation in elementary programming education: An empirical study with game-based
learning. IEEE Transactions on Games, 15(1), 95-107. https://doi.org/10.1109/7G.2022.3143701

Maltese, A. V., Melki, C. S., & Wiebke, H. L. (2014). The nature of experiences responsible for the
generation and maintenance of interest in STEM. Science Education, 98(6), 937-962. https://doi.
org/10.1002/sce.21132

Margolis, J., Estrella, R., Goode, J., Holme, J. J., & Nao, K. (2017). Stuck in the shallow end: Education,
race, and computing. MIT press.

Mason, S. L., & Rich, P. J. (2020). Development and analysis of the elementary student coding
attitudes survey. Computers & Education, 153, 103898. https://doi.org/10.1016/j.compedu.2020.
103898

Master, A., Cheryan, S., & Meltzoff, A. N. (2016). Computing whether she belongs: Stereotypes
undermine girls’ interest and sense of belonging in computer science. Journal of Educational
Psychology, 108(3), 424. https://doi.org/10.1037/edu0000061

Master, A., Meltzoff, A. N., & Cheryan, S. (2021). Gender stereotypes about interests start early and
cause gender disparities in computer science and engineering. Proceedings of the National
Academy of Sciences, 118(48).

Miller, J. (2018, February). Benefits of exposure programs to K12 student interest in computer
science. In Proceedings of the 49th ACM Technical Symposium on Computer Science Education,
Baltimore, Maryland, USA (pp. 1108-1108).

National Academies of Sciences, Engineering, and Medicine. (2018) . English learners in STEM
subjects: Transforming classrooms, schools, and lives. National Academies Press.

National Science Foundation. (2018). Degrees, Institutions, and Sources of Support: TABLE 5-3.
Bachelor’s Degrees Awarded, by Sex, Field, Citizenship, Ethnicity, and Race: 2008-18. Retrieved
December 6, 2021 from https://ncses.nsf.gov/pubs/nsf21321/data-tables/

National Science Foundation. (2019). Women, Minorities, and Persons with Disabilities in Science and
Engineering: TABLE 9-7. Employed Scientists and Engineers, by Ethnicity, Race, Occupation, Highest


https://nces.ed.gov/pubs2021/2021144.pdf
https://doi.org/10.1080/00461520.2015.1124022
https://doi.org/10.1080/00461520.2015.1124022
https://www.rdocumentation.org/packages/rstatix/versions/0.7.0/topics/anova_test
https://www.rdocumentation.org/packages/rstatix/versions/0.7.0/topics/anova_test
https://doi.org/10.1016/j.compedu.2018.08.026
https://doi.org/10.1080/0144929X.2020.1781931
https://doi.org/10.3102/0013189X20923708
https://doi.org/10.3102/0013189X20923708
https://doi.org/10.1109/TG.2022.3143701
https://doi.org/10.1002/sce.21132
https://doi.org/10.1002/sce.21132
https://doi.org/10.1016/j.compedu.2020.103898
https://doi.org/10.1016/j.compedu.2020.103898
https://doi.org/10.1037/edu0000061
https://ncses.nsf.gov/pubs/nsf21321/data-tables/

2 L. GARCIA ET AL.

Degree Level, and Sex: 2019. Retrieved December 6, 2021 from https://ncses.nsf.gov/pubs/
nsf21321/data-tables

Ni, L., & Guzdial, M. (2012, February). Who am I? understanding high school computer science
teachers’ professional identity. In Proceedings of the 43rd ACM technical symposium on Computer
Science Education, Raleigh, North Carolina, USA (pp. 499-504)

Noack, P. (2004). The family context of preadolescents’ orientations toward education: Effects of
maternal orientations and behavior. Journal of Educational Psychology, 96(4), 714. https://doi.org/
10.1037/0022-0663.96.4.714

Norman, G. (2010). Likert scales, levels of measurement and the “laws” of statistics. Advances in
Health Sciences Education, 15(5), 625-632. https://doi.org/10.1007/s10459-010-9222-y

Papavlasopoulou, S., Sharma, K., & Giannakos, M. N. (2018). How do you feel about learning to code?
Investigating the effect of children’s attitudes towards coding using eye-tracking. International
Journal of Child-Computer Interaction, 17, 50-60. https://doi.org/10.1016/].ijcci.2018.01.004

Parker, M. C,, Kao, Y. S., Saito-Stehberger, D., Franklin, D., Krause, S., Richardson, D., & Warschauer, M.
(2021, March). Development and preliminary validation of the assessment of computing for
elementary students (ACES). In Proceedings of the 52nd ACM Technical Symposium on Computer
Science Education, Virtual Event, USA (pp. 10-16).

Pears, A., Barendsen, E., Dagiené, V., Dolgopolovas, V., & Jasuté, E. (2019, November). Holistic STEAM
education through computational thinking: A perspective on training future teachers. In
International Conference on Informatics in Schools: Situation, Evolution, and Perspectives (pp.
41-52). Springer, Cham.

Pew Research Center. (2020). U.S. Hispanic Population Surpassed 60 Million in 2019, but Growth Has
Slowed. Retrieved December 6, 2021 https://www.pewresearch.org/fact-tank/2020/07/07/u-s-his
panic-population-surpassed-60-million-in-2019-but-growth-has-slowed/

Pratkanis, A. R., & Greenwald, A. G. (1989). A sociocognitive model of attitude structure and function.
Advances in Experimental Social Psychology, 22(C), 245-285. https://doi.org/10.1016/5S0065-2601
(08)60310-X

Rauscher, L., & Greenfield, B. H. (2009). Advancements in contemporary physical therapy research:
Use of mixed methods designs. Physical Therapy, 89(1), 91-100. https://doi.org/10.2522/ptj.
20070236

Roman-Gonzalez, M., Pérez-Gonzadlez, J. C., Moreno-Ledn, J., & Robles, G. (2018). Can computational
talent be detected? Predictive validity of the Computational Thinking Test. International Journal
of Child-Computer Interaction, 18, 47-58. https://doi.org/10.1016/j.ijcci.2018.06.004

Sdez Lépez, J. M., Buceta Otero, R., & Lara Garcia-Cervigén, S. D. (2021). Introducing robotics and
block programming in elementary education. RIED Revista Iberoamericana de Educacion
a Distancia, 24(1), 95-113. https://doi.org/10.5944/ried.24.1.27649

Saito-Stehberger, D., Garcia, L., & Warschauer, M. (2021, June). Modifying curriculum for novice
computational thinking elementary teachers and English language learners. In Proceedings of the
26th ACM Conference on Innovation and Technology in Computer Science Education, Virtual Event,
Germany (Vol. 1, pp. 136-142).

Salguero, A., Griswold, W. G., Alvarado, C., & Porter, L. (2021, August). Understanding sources of
student struggle in early computer science courses. In Proceedings of the 17th ACM Conference on
International Computing Education Research (pp. 319-333).

Sasson I. (2021). Becoming a Scientist—Career Choice Characteristics. International Journal of
Science and Mathematics Education, 19(3), 483-497. https://doi.org/10.1007/s10763-020-10059-9

Saunders, B., Sim, J.,, Kingstone, T., Baker, S., Waterfield, J., Bartlam, B., Burroughs, H., & Jinks, C.
(2018). Saturation in qualitative research: Exploring its conceptualization and operationalization.
Quality & Quantity, 52(4), 1893-1907. https://doi.org/10.1007/s11135-017-0574-8

Sherry, L. (1995). Issues in distance learning. International Journal of Educational
Telecommunications, 1(4), 337-365. 1077-9124. (2023, May12). https://www.learntechlib.org/pri
mary/p/8937/

Simpkins, S. D., Liu, Y., Hsieh, T. Y., & Estrella, G. (2020). Supporting Latino high school students’
science motivational beliefs and engagement: Examining the unique and collective contributions


https://ncses.nsf.gov/pubs/nsf21321/data-tables
https://ncses.nsf.gov/pubs/nsf21321/data-tables
https://doi.org/10.1037/0022-0663.96.4.714
https://doi.org/10.1037/0022-0663.96.4.714
https://doi.org/10.1007/s10459-010-9222-y
https://doi.org/10.1016/j.ijcci.2018.01.004
https://www.pewresearch.org/fact-tank/2020/07/07/u-s-hispanic-population-surpassed-60-million-in-2019-but-growth-has-slowed/
https://www.pewresearch.org/fact-tank/2020/07/07/u-s-hispanic-population-surpassed-60-million-in-2019-but-growth-has-slowed/
https://doi.org/10.1016/S0065-2601(08)60310-X
https://doi.org/10.1016/S0065-2601(08)60310-X
https://doi.org/10.2522/ptj.20070236
https://doi.org/10.2522/ptj.20070236
https://doi.org/10.1016/j.ijcci.2018.06.004
https://doi.org/10.5944/ried.24.1.27649
https://doi.org/10.1007/s10763-020-10059-9
https://doi.org/10.1007/s11135-017-0574-8
https://www.learntechlib.org/primary/p/8937/
https://www.learntechlib.org/primary/p/8937/

COMPUTER SCIENCE EDUCATION e 25

of family, teachers, and friends. Educational Psychology, 40(4), 409-429. https://doi.org/10.1080/
01443410.2019.1661974

US Bureau of Labor Statistics. (2020). Monthly Labor Review: Projections Overview and Highlights,
20719-29. Retrieved December 6, 2021 from https://www.bls.gov/mlr/2020/article/projections-
overview-and-highlights-2019-29.htm

U.S. Department of Education, National Center for Education Statistics, and Common Core of Data.
(2020). Local Education Agency Universe Survey: 2000-01 Through 2016-17. Retrieved December 6,
2021 from https://nces.ed.gov/programs/digest/d18/tables/dt18_204.20.asp?current=yes

Vandenberg, J., Rachmatullah, A., Lynch, C,, Boyer, K. E., & Wiebe, E. (2021). Interaction effects of race
and gender in elementary CS attitudes: A validation and cross-sectional study. International
Journal of Child-Computer Interaction, 29, 100293. https://doi.org/10.1016/j.ijcci.2021.100293

Vogels, E. (2021, June). Digital divide persists even as lower-income Americans make gains in tech
adoption. Pew Research Center. https://www.pewresearch.org/fact-tank/2019/05/07/digital-
divide-persists-even-as-lower-income-americans-make-gains-in-tech-adoption/

Webb, D. C., Repenning, A., & Koh, K. H. (2012, February). Toward an emergent theory of broadening
participation in computer science education. In Proceedings of the 43rd ACM technical symposium
on Computer Science Education, Raleigh, North Carolina, USA (pp. 173-178). https://doi.org/10.
1145/2157136.2157191

Wigfield A and Eccles J S. (1992). The development of achievement task values: A theoretical
analysis. Developmental Review, 12(3), 265-310. https://doi.org/10.1016/0273-2297(92)90011-P

Wigfield, A., & Eccles, J. S. (2000). Expectancy-value theory of achievement motivation.
Contemporary Educational Psychology, 25(1), 68-81. https://doi.org/10.1006/ceps.1999.1015

Widfield, A., Eccles, J. S., Fredricks, J. A., Simpkins, S., Roeser, R. W., & Schiefele, U. (2015).
Development of Achievement Motivation and Engagement. Handbook of Child Psychology and
Developmental Science (7th ed., Vol. 3., pp. 657-760) Wiley. 9781118953891

Wing, J. M. (2008). Computational thinking and thinking about computing. Philosophical
Transactions of the Royal Society A: Mathematical, Physical & Engineering Sciences, 366(1881),
3717-3725. https://doi.org/10.1098/rsta.2008.0118

Worthington, R. L., & Whittaker, T. A. (2006). Scale development research: A content analysis and
recommendations for best practices. The Counseling Psychologist, 34(6), 806-838. https://doi.org/
10.1177/0011000006288127

Zhang, L., & Nouri, J. (2019). A systematic review of learning computational thinking through scratch
in K-9. Computers & Education, 141, 103607. https://doi.org/10.1016/j.compedu.2019.103607


https://doi.org/10.1080/01443410.2019.1661974
https://doi.org/10.1080/01443410.2019.1661974
https://www.bls.gov/mlr/2020/article/projections-overview-and-highlights-2019-29.htm
https://www.bls.gov/mlr/2020/article/projections-overview-and-highlights-2019-29.htm
https://nces.ed.gov/programs/digest/d18/tables/dt18_204.20.asp?current=yes
https://doi.org/10.1016/j.ijcci.2021.100293
https://www.pewresearch.org/fact-tank/2019/05/07/digital-divide-persists-even-as-lower-income-americans-make-gains-in-tech-adoption/
https://www.pewresearch.org/fact-tank/2019/05/07/digital-divide-persists-even-as-lower-income-americans-make-gains-in-tech-adoption/
https://doi.org/10.1145/2157136.2157191
https://doi.org/10.1145/2157136.2157191
https://doi.org/10.1016/0273-2297(92)90011-P
https://doi.org/10.1006/ceps.1999.1015
https://doi.org/10.1098/rsta.2008.0118
https://doi.org/10.1177/0011000006288127
https://doi.org/10.1177/0011000006288127
https://doi.org/10.1016/j.compedu.2019.103607

26 (&) L GARCIAETAL.

Appendix A
Correlation Tables
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Figure A1.
Correlation matrix of pre-test (time 1) unweighted scores. Note: Positive correlations are in blue,
negative correlations are in red, and color intensity alludes to correlation coefficients.
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Figure A2.

Correlation matrix of post-test (time 2) unweighted scores. Note: Positive correlations are in blue,
negative correlations are in red, and color intensity alludes to correlation coefficients.
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Appendix B

Plots to Check for Normality Assumption
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Figure B1.
Distribution of weighted test scores.
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Distribution of unweighted test scores.
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Figure B3.
QQ plot of total weighted score.
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QQ plot of weighted total score by time and ELL designation.
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Figure B5.
QQ plot of weighted total score by time and gender.
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Appendix C

Total Weighted Score Box Plots
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Figure C1.
Total weighted score between time 1 (pretest) and time 2 (posttest).
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Figure C2.
Weighted total score between time grouped by designation of ELL.
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Figure C3.
Weighted total score between time, grouped by gender.

Appendix D

Interest (I) Weighted Score Box Plots
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Figure D1.
Interest weighted score between time 1 (pretest) and time 2 (posttest).
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Figure D2.
Interest weighted score between time,Grouped by designation of ELL.
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Figure D3.
Interest weighted score between time, grouped by gender.
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Appendix E

Confidence (C) Weighted Score Box Plots
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Figure E1.
Confidence weighted score between time 1 (pretest) and time 2 (posttest).
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Figure E2.
Confidence weighted score between time, grouped by designation of ELL.
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gender E3 Female Male
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Figure E3.
Confidence weighted score between time, grouped by gender.

Appendix F
Utility (U) Weighted Score Box Plots
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Figure G1.
Utility weighted score between time 1 (pretest) and time 2 (posttest).



COMPUTER SCIENCE EDUCATION 35

el_status B3 ELL NonELL

score

T1USum T2USum
time

Figure F2.
Utility weighted score between time,Grouped by designation of ELL.
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Figure F3.
Utility weighted score between time, grouped by gender.
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Appendix G

Social Values (S) Weighted Score Box Plots
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Figure G1.
Social values weighted score between time 1 (pretest) and time 2 (posttest).
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Figure G2.
Social values weighted score between time, grouped by designation of ELL.
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Figure G3.
Social values weighted score between time, grouped by gender.

Appendix H
Perception of Coders (P) Weighted Score Box Plots
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Figure H1.
Perception of coders weighted score between time 1 (pretest) and time 2 (posttest).
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Figure H2.
Perception of coders weighted score between time, grouped by designation of ELL.
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Figure H3.
Perception of coders weighted score between time, grouped by gender.
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Appendix |

Modified Interview Protocol
Warm Up Questions

® What are some of your favorite things to do for fun outside of class?
® Do you like school? What do you like about school?

General CS Views

® When | say “computer scientist” what person comes to your mind?

® Do you think computer scientists can make this world better? If so, how do you think they can
improve the world?

Scratch Projects

® Do you like coding your scratch projects? Tell me more about that.

® Do you think that you can learn coding well? Why or why not?

® How do you feel when you make a mistake in your program?

® Give one example of a time when you made a mistake. Did you fix it? If so, how did you fix it?

Social Values

® Have you ever shared your coding projects outside of school with family and friends? If so, how
did they react or what did they say?
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