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ABSTRACT
Background and Context: Differences in children’s and adoles
cents’ initial attitudes about computing and other STEM fields 
may form during middle school and shape decisions leading to 
career entry. Early emerging differences in career interest may 
propagate a lack of diversity in computer science and programming 
fields.
Objective: Though middle school is recognized as a formative 
period in the development of career interest, there appears to 
be a gap in research considering growth disparities in stu
dents’ attitudes towards computer programming. We examine 
outcomes related to students’ use of an e-learning platform 
designed to promote exposure to computer science content. 
We consider growth in middle school students’ attitudes 
towards computer programming during an academic year 
while controlling for variation in key baseline factors.
Method: We tracked growth in attitudes towards computer 
programming among middle school students (N = 610; Mage 
= 12.07) in schools serving underrepresented minority (URM) 
students (74.7% URM) during an academic year in which they 
used an online platform curating computer programming edu
cational content.
Findings: We found baseline differences in students’ interest and 
aspirations toward computer programming on the basis of gender 
and underrepresented status, after controlling for math attitudes. 
There was evidence of initial growth in all four domains of compu
ter programming attitudes, irrespective of gender or underrepre
sented status.
Implications: These findings provide a framework for studying 
changes in students’ computer programming attitudes, which 
may help in addressing workforce participation disparities. Future 
work is needed to promote early computer programming attitudes 
among all students.
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Introduction

There is a growing demand in the United States for a workforce with expertise in 
computer science and programming. Between 2019–2029, careers in computer and 
information technology occupations are expected to grow approximately 11% in the 
U.S., which was higher than the national average of 4% across all job sectors (U.S. Bureau 
of Labor Statistics, 2021). The demand is growing so fast that there is a shortfall of 
qualified individuals with expertise in computer science and programming to meet this 
demand (U.S. Bureau of Labor Statistics, 2021). Meanwhile, the number of undergraduate 
computer science majors has also continued to increase rapidly. Studies indicate that 
computer science majors have tripled since 2006 and doubled since 2011, and an 
increasing number of non-computer science majors are enrolling in computer science 
classes (Camp et al., 2017). Despite a clear demand, and a growing number of computer 
science majors, participation in this workforce does not reflect the general population and 
there is still a need to diversify the participation in computer science and programming 
fields (Adrion et al., 2020; Code.org & Alliance, 2022). Though women comprise about half 
of the college-educated workforce (51.6%), women accounted for only 26.9% of computer 
and mathematical sciences occupations in 2017 (U.S. National Science Foundation [NSF] & 
National Center for Science and Engineering Statistics [NCSES], 2019). People from under
represented racial/ethnic minority groups, though also comprising a large percentage of 
the general U.S. population (27.7%) and college-educated workforce (17.1%), also reflect 
a small subset of individuals employed in computer and mathematical sciences occupa
tions, accounting for only about 14.2% in the U.S. in 2017 (NSF, 2019). Individuals who 
identify as Hispanic/Latinx, Black/African American, or American Indian or Alaskan Native 
are currently considered members of an underrepresented minority group (URM) in 
science, technology, engineering, and math (STEM) disciplines (NSF & NCSES, 2019; see 
also Estrada et al., 2016).

Increasingly, computing is viewed as a critical dimension within STEM disciplines, 
leading some to opt for a more fully STEM and computing (STEM+C) integrated K-12 
curriculum (Grover et al., 2020). Within the context of this discussion, computing broadly 
refers to the knowledge and skills required to use computers, while computer science 
refers to a discipline examining theory and applications of computing. Computer pro
gramming refers to a specific domain of knowledge or activities that require the applica
tion of that domain of knowledge within computing. Traditional K-12 STEM curriculum 
tends to lack specific preparation in computing, particularly the essential skills of compu
tational thinking and problem-solving. Even so, participation in academic and extracurri
cular STEM activities in other subjects often serves as an initial introduction to learning 
computing concepts, especially in the formative years prior to secondary school (Vegas & 
Fowler, 2020). Considering this, combined with the fact that research on children’s 
attitudes towards computing is presently emerging, it is important to consider the 
literature on attitudes towards STEM disciplines more generally, because it may provide 
information about the development of attitudes towards computing. Furthermore, while 
children and adolescents may not have a grasp of broad terms like “computer science” or 
“computer programming” (Vandenberg et al., 2020), they may still display an intuitive 
grasp of computational thinking and problem-solving skills if given programming tasks 
(Angeli & Giannakos, 2020). As such, students’ orientations towards other STEM subject 
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areas need to be considered when evaluating attitudes towards computer science and 
programming.

Middle school students’ abilities in math have been shown to predict their progress 
in learning skills related to computer science and programming (Clements & Sarama,  
2016; Grover et al., 2020). By some accounts, math attitudes consist of math identity, 
math self-efficacy, and math interest (Bohrnstedt et al., 2020). Unlike math identity, 
math self-efficacy may be more state-specific, meaning that it is more likely to depend 
on the student’s immediate context or the task they are completing rather than the 
qualities of the student per se (Kim et al., 2018). The construct of interest may also be 
conceptualized as state-specific, though aspects of it may be considered trait-specific 
(Su, 2020). Ability in math aside, even students’ attitudes towards math have been 
shown to predict their attitudes towards other STEM fields (Jiang et al., 2020; Leyva 
et al., 2022; Seo et al., 2019; You, 2013). As early as seventh grade, students who had 
more positive attitudes towards math were found to be over seven times more likely to 
have employment in STEM fields than students with consistently more negative orien
tations (Ahmed, 2018). However, to the best of our knowledge, there has been scant 
literature to date linking middle school students’ math attitudes to their orientations 
towards computer science and programming. Examining the extent middle school 
students’ initial attitudes toward math are associated with their attitudes towards 
computer science and programming therefore fills a gap of understanding of the 
connections between subject-specific STEM attitudes and their change during such 
formative years.

Understanding factors affecting diverse participation in computer science 
and programming

The lack of diverse participation in computer science and programming careers may 
reflect broader issues affecting the STEM workforce. By some accounts, and despite 
many initiatives to address this apparent disparity (Miller & Wai, 2015), overall STEM 
workforce participation among women and URM individuals has not substantially 
improved over the past decade (Varma, 2018). Disparities in early STEM attitudes 
and participation in school likely contribute to the lack of diversity in the computer 
science and programming workforce (Sadler et al., 2012). Differences in STEM experi
ences during late childhood and early adolescence appear to contribute to this gap, 
with some evidence suggesting its origins begin as early as middle school when 
children start to form identities around their academic interests that shape their 
career trajectories (Blotnicky et al., 2018; M. T. Wang & Degol, 2013, 2017) or sooner 
(Ball et al., 2017). For example, eighth-grade students who indicated they expected 
a career in STEM at age 30 were nearly twice as likely to obtain a college degree in 
STEM, a finding based on a nationally representative sample (Maltese & Tai, 2011). 
Though an understanding of middle school childrens attitudes towards computer 
science and programming is still emerging (Kong et al., 2018; Taub et al., 2012), 
research linking middle school STEM attitudes to career pathways may help in 
developing an understanding of how formative attitudes towards the subject can 
close workforce participation disparities.
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Theoretical perspective linking attitudes and career development

Students generally feel competent and interested in domains in which they are 
more likely to achieve, and subsequently are interested in domains where they 
perceive their personal strengths (Denissen et al., 2007). Such interests appear to 
not only form early but they also appear to be somewhat stable. For example, 
findings from a large-scale longitudinal study indicate that there is a remarkable 
degree of stability in career interests from middle school into adulthood (Low et al.,  
2005).

Several theories of career development can be applied to understand how early 
emerging differences in middle school students’ orientations towards STEM subjects, 
particularly those related to computer science and programming, drive such dispa
rities. Viewed from one perspective, social cognitive career theory (SCCT) posits that 
individuals form an interest in an activity when they are good at it, and doing well at 
the activity is associated with desired outcomes (Lent et al., 2002). According to 
SCCT, early interests influence the choices and actions an individual makes. In 
addition, SCCT recognizes that these choices are influenced by external social and 
other contextual factors, which interact with an individuals aptitudes, values, and 
other person-specific factors. Within the framework of SCCT, the information one has 
about a particular career domain (i.e. awareness) influences ones self-efficacy in the 
domain. Self-efficacy is subsequently critical as it influences outcome expectations, 
which in turn both influence interest, intentions, and activity selection (i.e. aspira
tions), and finally, performance outcomes such as skill or career goal attainment (Lent 
et al., 1994). However, an individual may not develop interest in a career if they are 
not given opportunities to explore and develop a sense of self-efficacy, and certainly 
not if they have little awareness of the career, to begin with.

There is some empirical evidence for theoretical models, such as the SCCT, in 
explaining career choices (Su, 2020). For example, Rogers and Creed (2011) found 
that among high school students enrolled in grades 10–12, self-efficacy predicted 
career planning and exploration in a given area, regardless of grade level. However, 
the extent to which certain factors influence career interest development differs 
based on the students context and background. Environmental factors and the 
lived experience likely shape early attitudes towards math and STEM fields, and 
appear to contribute to the observed disparities in STEM participation between 
students based on gender and URM status (Blickenstaff, 2005; Gladstone et al.,  
2018; Griffith, 2010; Thomas & Strunk, 2017). Perceptions of personal strengths, 
particularly among female and URM students in STEM disciplines, may be susceptible 
to factors such as rejection sensitivity – the perception that one is not accepted 
within a discipline (Ahlqvist et al., 2013). As early as high school, students’ attitudes 
towards math and computing appear to differ based on gender and URM status 
(Else-Quest et al., 2013), despite some estimates once indicating female and URM 
students take approximately the same number of high school courses in computing 
(Campbell & Willi, 1990). Social and cultural capital for learning STEM subject areas is 
thought to explain variation in career interest development among students of 
underserved or underrepresented backgrounds (Lichtenberger & George-Jackson,  
2013; London et al., 2021; Moote et al., 2020; Wang, 2013).
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Factors affecting participation among females

Self-efficacy and perceived peer expectations appear to play a role in female students’ 
desire to pursue computer science (Du & Wimmer, 2019; Hur et al., 2017). Disparities in 
female students’ aspirations for a career in STEM fields relative to male peers appear to 
increase between grades 9 to 12 (Saw et al., 2018), with gender differences in self-efficacy 
likely contributing to this widening gap (Downes & Looker, 2011). Yet, relatively simple 
pedagogical interventions may substantially shape female students’ engagement in STEM 
learning. For example, when female middle school students are paired together to work 
on programming activities, research has found that they exhibit more behaviors condu
cive to learning than male-only pairs, including more time on task and fewer disruptive 
and more exploratory behaviors (Campe et al., 2020). Certain factors may buffer against 
widening differences in gender-based orientations toward computing among middle 
schoolers. Middle school girls who are open to a career in computing tend to have higher 
interest and confidence in computing, more social support for computing, and are more 
likely to view themselves as future computer scientists (Friend, 2015).

Factors affecting participation among underrepresented minority individuals

Like gender differences, racial and ethnic differences in STEM attitudes and career aspira
tions can be evident at a young age (Gottlieb, 2018). By adolescence, such differences are 
more apparent suggesting a widening disparity (Saw et al., 2018). Though math attitudes 
and achievement appear to positively predict STEM career path choices, certain factors 
may undermine this association for students from underrepresented backgrounds. For 
high school students enrolled in grade 10 from URM groups who have positive math 
attitudes and are high-achieving in math, the strength of the association between these 
positive math attitudes and later STEM career expectancy is not as strong as that among 
their non-URM classmates (Seo et al., 2019). Among female high school students, math 
attitudes may predict intent to pursue STEM careers based on the students’ racial/ethnic 
minority status (Butler-Barnes et al., 2021). Examining differences based on URM status 
deserves additional sensitivity to the wide variety of cultures and lived experiences that 
contribute to variation in environmental and experiential factors affecting URM students’ 
early attitudes towards resource-intensive computing subjects. Some of these factors may 
be closely intertwined with variation in socioeconomic status (SES) between students and 
the under-resourcing of schools (Riegle-Crumb & Grodsky, 2010; Ryoo et al., 2020; Saw 
et al., 2018). Furthermore, students who are both female and from an underrepresented 
minority group may be particularly disadvantaged (O’Brien et al., 2015).

Addressing participation disparities

To address the dire and ongoing need to close participation disparities in the computing 
workforce, relatively simple interventions can be highly effective. Aside from interven
tions that promote positive attitudes towards STEM learning (Casad et al., 2018), providing 
computer programming experiences, particularly to students from underrepresented 
groups in STEM, is thought to be one effective way to enhance career aspirations in 
computer science-related careers (Hur et al., 2017). Among students enrolled in middle 
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school, developing awareness and self-efficacy appears to be critical for initiating positive 
career interests and aspirations in computer programming and computer science. Indeed, 
a lack of sufficient early experience in the subject may explain why certain individuals are 
underrepresented in the field of computer science (Cheryan et al., 2017). However, 
research examining career interest development in computer programming at this age 
is still generally sparse and needs to be further explored.

Research aims

The present study examines differences in middle school students’ attitudes towards 
math and computer programming. Given the noted disparities in career participation 
within STEM and computing fields, we specifically examine differences among female and 
URM students. To address this broad aim, we investigate the outcomes of an intervention 
involving students’ use of an e-learning platform designed to provide students exposure 
to computer science educational content. The study was conducted in two stages. First, 
we investigate differences in students’ attitudes towards math and computer program
ming. Second, we examine growth in middle school students’ attitudes towards computer 
programming over the course of an academic year, while controlling for variation due to 
baseline differences, including the influence of students’ initial attitudes towards math.

Research questions and hypotheses

In pursuit of these aims, we addressed the following research questions:

● RQ1: What differences exist in students’ initial (a) math (i.e. math self-efficacy, 
interest in math, math identity) and (b) computer programming (i.e. awareness, self- 
efficacy, interest, aspirations) attitudes at the beginning of the year on the basis of 
gender and URM status?

● RQ2: (a) Is there evidence of significant growth in each domain of students’ com
puter programming attitudes? (b) If so, is growth consistent across time (i.e. linear) or 
does the rate of improvement change across time (i.e. non-linear)?

● RQ3: Assuming there is evidence of growth, to what extent is this growth influenced 
by: math attitudes (i.e. math self-efficacy, interest in math, math identity); grade level; 
gender; or URM status?

The literature reviewed previously on career interest development suggests that there is 
continuity and change in students’ attitudes towards specific career pathways. For exam
ple, prior experiences involving computer programming are likely to shape students’ 
orientations toward the subject. As such, we did not assume that students’ attitudes 
towards computer programming would be linear over time (Ram & Grimm, 2007). In 
particular, given that the intervention itself was meant to provide experiences in compu
ter programming to students that they may otherwise not have had, we expected to find 
non-linear growth in students’ attitudes over time. We hypothesized that there would be 
an immediate increase in students’ awareness and self-efficacy in computer program
ming, as these are more likely to be shaped by direct experience. We anticipated a more 
gradual and prolonged increase in students’ interest and aspirations in computer 
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programming during the academic year, as these are more likely to change due to 
multiple experiences as the student internalizes an orientation towards computer pro
gramming as a possible career pathway. We further hypothesized that there may be 
differences between students who were female or from a URM group in STEM relative to 
their counterparts, given past research. While the findings are correlational, they provide 
a framework for measuring growth in attitudes towards STEM disciplines, with a focus on 
underrepresented groups in computer science fields.

Methods

Participants

During the 2017–2018 and 2018–2019 academic years, middle school students (N = 610; 
Meanage = 12.07 years, SDage= .77 years) enrolled in grades six (52.1%), seven (34.4%), and 
eight (13.5%) from a partnering middle school in Southern California were invited to take 
part in a longitudinal study. There were approximately the same number of males and 
females in the sample (44.3% female). Students identified as Hispanic/Latinx (68.3%), 
Asian/Asian American (16.3%), Hawaiian or Pacific Islander (4.9%), White/European 
American (4.7%), American Indian or Alaskan Native (3.5%), Black/African American 
(2.0%), or another racial/ethnic category (20.1%) with 24.7% identifying as a member of 
multiple racial/ethnic groups. A large proportion of the sample (74.7%) identified as 
a member of a URM group based on the criteria described above. These demographic 
characteristics of the sample roughly reflect the entire school population. More than half 
of the students reported their mother (53.7%) or father (62.3%) had received a high school 
degree or less as their highest education. Relatively few students had prior computer 
programming-related experiences outside of school at the beginning of the 
academic year, as indicated by the small proportion of students who had participated 
in a robotics camp or class (9.0%), or had participated in any online lessons about 
computer programming (11.9%), or had taken part in a camp where they worked with 
computers (12.7%).

Measures

Background questionnaire
A self-report questionnaire was administered in the late spring semester (February 2017) 
or the beginning of the academic year (September 2017 and 2018), which asked respon
dents to provide background information such as their current age, gender, race/ethni
city, and parents’ highest educational attainment.

Math attitudes
Students’ math attitudes were also measured at the beginning of the academic year 
(September 2018) with a 9-item Likert scale consisting of three distinct factors, with each 
factor measured by 3-items (Urdan, 2019). The three factors included math self- 
efficacy (McDonalds ⍵ Hierarchical = .84), math interest (McDonalds ⍵  Hierarchical = .90), 
and math identity (McDonalds ⍵ Hierarchical = .86). Like Cronbachs ɑ, values of McDonalds 
⍵ Hierarchical that are closer to 1 generally reflect better internal consistency, yet unlike 
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Cronbachs ɑ, McDonalds ⍵ Hierarchical makes fewer assumptions that are often violated in 
practice (see McNeish, 2018). Table 1 contains the item wording and descriptives for the 
scale. All responses were provided using a 5-point scale (1 = Strongly Disagree, 
2 = Disagree, 3 = Neither Agree nor Disagree, 4 = Agree, and 5 = Strongly Agree).

Computer programming attitudes
A 10–12-item Likert scale measuring students’ computer programming attitudes was 
administered on five separate occasions throughout the academic year (Urdan, 2019). 
The scale consisted of four distinct factors, each measured by 2–3 items: awareness 
(McDonalds ⍵ Hierarchical = .67-.79), self-efficacy (Baseline: McDonalds ⍵ Hierarchical 

= .32; Follow-up 1–4: McDonalds ⍵ Hierarchical = .51-.57), interest (McDonalds 
⍵ Hierarchical = .80-.86), and aspirations for a future in computer programming 
(McDonalds ⍵ Hierarchical = .79-.83). All responses were provided using the same set 
of options used to measure math attitudes (1 = Strongly Disagree, . . ., 5 = Strongly 
Agree). Though some of the very short baseline self-efficacy subscales showed poor 
internal consistency, the scales internal consistency generally improved at the later 
time points. Furthermore, confirmatory factor analysis indicated a single factor fit the 
data collected from each of these four scales well, even when factor loadings were 
constrained between the two academic years of data collection (see Supplemental 
Materials).

While the scale measured at the baseline consisted of 12 items at all other time points, 
the baseline measure administered in the 2018–2019 academic year consisted of only 11 
items. The item that did not appear on the baseline for the 2018–2019 academic year 
cohort was as follows: “I know what you need to do to get a job as a computer programmer” 
(awareness; 47.1% missing). In addition, one item was conditionally administered during 
the 2018–19 academic year only to students who indicated they had or were taking 
a computing class: “I am confident I can get a good grade in my computer programming 
class” (self-efficacy; 75.4% missing). As examples of the item content, the item wording 
shown in Tables 1 and 2 reflects the items used in the final follow-up survey administered 

Table 1. Math attitudes scale and item-level descriptive statistics.
Baseline

N M SD

Math Attitudes
Self-efficacy in Math
Scale Score (Average) 610 3.49 0.98
It is difficult for me to do well in math [R] 607 3.39 1.21
I think I am good at math 610 3.53 1.14
I feel like I am successful in my math class 609 3.55 1.19
Interest in Math
Scale Score (Average) 609 3.70 1.13
My math class is interesting 608 3.71 1.21
I am enjoying my math class very much 605 3.67 1.30
I think my math class is boring [R] 609 3.71 1.32
Math Identity
Scale Score (Average) 610 2.87 1.09
I am better at math than most of the other students in my math class 608 2.72 1.22
I see myself as a math person 608 2.94 1.29
I can imagine myself majoring in math in college 604 2.94 1.30

Note: Items ending in [R] were reverse-coded before the item- and scale-mean were calculated.
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in the 2018–2019 academic year. For a list of all items administered to measure computer 
programming attitudes, see Table A in Supplemental Materials.

Procedures

Throughout the academic year, students completed activities in the Curated Pathways to 
Innovation (CPI1) platform. The CPI is an online platform designed to curate developmen
tally appropriate and personalized educational content for middle and high school-aged 
students while also teaching computer programming and other STEM skills (Linnel et al.,  
2020). All students were expected to complete two initial sets of activities (i.e., Digital 
Awareness, Cultivating Interest, etc.). Digital awareness activities focus on exposing stu
dents to STEM+C and include, for example, videos of diverse role models speaking about 
their career choices, and infographics about opportunities in STEM+C. Cultivating interest 
activities help students engage in STEM+C learning through games where they gain 
confidence and learn basic programming. After completing these requirements, students 
have the option to pursue other activities such as learning block coding in basic typing 
skills, Scratch, and foundations of Python or JavaScript, among others. The platform was 
designed to recommend activities based on students’ interests and ratings of past 
activities. In addition to completing activities in the CPI platform, students also completed 
a baseline survey and four follow-up surveys, each administered about two months apart.

Given that students were involved in a year-long pilot program and had access to the 
CPI platform, they received a basic orientation to computer programming around the 
time they completed the baseline survey. Thus, while the wording on the self-report 
measures needed to be carefully selected given students may not have had formal 
exposure to terms such as “programming”, we note that at the baseline only 8.4% of 
students strongly disagreed with the statement, “I understand what ‘computer program
ming’ means”. By the fourth/final time point, only 3.1% of students indicated as such. Thus, 
most students within the sample reported at least some basic familiarity with the term.

Data cleaning and preparation
Overall, 1,022 participants completed the baseline survey; however, 412 of these students 
did not complete another survey afterward. Thus, to avoid biasing the results, we 
removed from the analytic sample participants who completed the baseline but did not 
complete any later surveys. In an effort to ensure the integrity of the self-report data, 
careless responses were identified using a form of the longstring method (see Meade & 
Craig, 2012), and subsequently, 27 responses for which participants selected the same 
option throughout the survey questions for any of the four time-points were removed. 
This resulted in an analytic sample size of 610. To determine whether the sample size was 
still adequate, we conducted linear mixed model sample size calculations with the 
method proposed by Liu and Liang (1997) in the longpower package in R (Donohue 
et al., 2021). Though considerably smaller than the initial sample size, this power analysis 
suggested that the sample size was adequate for detecting a change of .082 between 
time points, which seemed reasonable considering the mean scale scores.

Given that one item was not administered to students who had not completed 
a computer programming class (see the previous section on “Measures”), we assumed 
a missing-at-random (MAR) mechanism and opted to impute those values using all data 
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available from the responses to the baseline computer programming attitudes measure 
for both cohorts. Unlike complete case analysis, which involves deletion of incomplete 
cases, multiple imputation is valid for MAR situations and has the potential to use the 
information contained in the incomplete cases and auxiliary variables to reduce bias and/ 
or improve precision (Hughes et al., 2019). Past studies involving simulation found that 
with sufficient information from auxiliary variables and a strong rationale for a MAR 
missing data mechanism, the use of multiple imputation reduced bias and did not appear 
to result in reduced efficiency (based on the mean squared error) and therefore may be 
appropriate in such contexts (Madley-Dowd et al., 2019). We used a dummy coded 
variable for cohort and dichotomously coded variable reflecting whether or not the 
student indicated having completed a computer programming class. Data were imputed 
simultaneously and exclusively for these two variables with the proportional odds model 
using the MICE package in R (van Buuren & Groothuis-Oudshoorn, 2011), which is appro
priate for ordered variables with two or more levels. The remaining responses still did not 
result in a complete dataset (see Tables 1 and 2) and at worst, as much as 37.5% of data 
were missing for a particular variable at the final time point in the analytic sample, beyond 
the systematic missingness on two baseline questions as previously described. Though 
this is not an insubstantial amount of missing data, using the proportion of missing data is 
not recommended for making decisions on handling missing data (see Madley-Dowd 
et al., 2019). Furthermore, and as noted in further detail in the subsequent paragraphs, the 
analyses used to examine growth tend to be robust to missing data (see Brown, 2021).

Examining attrition
As a preliminary step, attrition analysis was conducted to determine whether participants 
who had completed the baseline only, and thus were removed from the original sample 
(N = 1,022) compared to the analytic sample (N = 610), differed on the basis of grade level, 
or being female or URM student. Chi-square tests with Yates continuity correction were 
conducted. Attrition was found to be non-independent of grade level (χ2(df = 2) = 136.57, 
p < .001). Relative to the sample of participants who had completed the baseline (N = 484), 
in the sample used in the present analysis (N = 610), there appeared to be more grade 
eight students who were excluded (70.8%) compared to grade six (27.7%) and seven 
(33.0%). This likely reflects that among certain classes, completion of the survey was either 
not monitored or encouraged. The samples did not differ, however, on the basis of either 
being a female (χ2(df = 1) = 1.89, p = .169) or a URM student (χ2(df = 1) = 2.08, p = .149). 
Within the analytic sample (N = 610), there were also no differences between the two 
cohorts on the basis of either being a female (χ2(df = 1) = .02, p = .886) or a URM student 
(χ2(df = 1) = 2.37, p = .123). However, there did appear to be a greater proportion of 
students enrolled in grade eight in the 2018–2019 cohort (81.6%) compared with the 
previous year (18.4%).

Analysis
The main analyses were conducted in multiple phases. First, we examined baseline 
differences in math and computer programming attitudes measured by average scale 
scores on the basis of gender, URM status, and the interaction of the two while controlling 
for grade level using ANOVA models. Second, growth models for each of the four 
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computer programming constructs were conducted. As a preliminary step, we sought 
evidence of good internal scale structure and measurement invariance both between 
cohorts (i.e. 2017–2018 v. 2018–2019) and measurement invariance over time (i.e. base
line, time 1, . . ., time 4) of the computer programming attitudes by evaluating the fit of 
latent factor measurement models.

After establishing evidence of the construct validity of the measure administered at the 
baseline and stability over time (see Supplemental Materials), piecewise growth model 
analyses were conducted to examine the association of multiple covariates and predictors 
to the growth models intercept and slopes. There are several advantages to this analytic 
technique over more conventional analyses involving repeated measures ANOVA or 
a pre-post design. First, we anticipated that the growth in students’ attitudes may be non- 
linear and as such, the use of a pre-post design would not capture information about 
differences in rates of change over time. Given that we anticipated differences in the 
growth of students’ computer programming attitudes between the baseline and the first 
follow-up and thereafter, two slope parameters were estimated in the model, thus 
allowing us to model growth in a so-called piecewise manner. Second, unlike repeated 
measures ANOVA, a mixed-effects model such as the piecewise model used in this 
analysis can handle missing data and unbalanced designs reasonably well. Though 
observations are removed when a value is missing in a mixed-effect model, each observa
tion represents only one of many responses within an individual; therefore, the removal of 
a single observation has a considerably smaller effect in a mixed model than in ANOVA 
(Brown, 2021).

For the growth model, instead of using latent factor scores, average scale scores were 
derived for each of the four computer programming constructs at each time point. Scale 
scores were calculated based on an average of all the available responses provided by an 
individual. This allowed for a simpler and more interpretable model in which multiple 
covariates and predictors could be entered without the risk of model over-specification. 
As mentioned, we wanted to determine whether there were differences either at the 
baseline or in terms of growth in the four domains of computer programming attitudes 
on the basis of certain moderators (i.e., grade, gender, and underrepresented race/ 
ethnicity status) while controlling for relevant covariates. Covariates included those 
related to math attitudes (i.e., math self-efficacy, interest, identity) and use of the learning 
platform (i.e., number of activities completed).

Piecewise growth model analyses were conducted in the R statistical environment 
using the lme4 package (Bates et al., 2015). When assessing the fit of the piecewise growth 
analysis, models with smaller AIC, BIC, and deviance values, as well as those with log- 
likelihood values closer to 0 reflected better fitting models (Bates et al., 2015). In addition, 
a significant Δχ2 test indicates that the more complex, model results in improved fit above 
the simpler nested model.

Results

We sought first to establish some evidence of validity and measurement invariance of the 
latent factor models across time for the four domains of computer programming atti
tudes. Confirmatory factor analysis suggested that a single factor model fit the data well 
for each of the three math attitudes (i.e. math self-efficacy, math interest, math identity) 
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and four computer programming attitudes (i.e. awareness, self-efficacy, interest, and 
aspirations) constructs (see Supplemental Materials). Item-level statistics for the math 
and computer programming attitudes scales are shown in Tables 1 and 2. An average 
scale score of about 3 indicates students were fairly neutral, while scale scores larger than 
3 indicated that students tended to endorse statements indicative of more positive 
orientations within that domain of math or computer programming attitudes.

Baseline differences

Before considering longitudinal trends, we first examined potential sources of varia
tion on the constructs at the baseline. In particular, we examined whether there were 
differences in the domains of math and computer programming attitudes between 
students on the basis of grade level, female (1 = female, 0 = non-female), or URM 
status (1 = URM, 0 = non-URM). An ANOVA predicting the scale score was conducted 
with a main effect for female status and URM status, as well as an interaction term. 
We then determined whether variation in students’ initial computer programming 
attitudes could be explained by math attitudes, in addition to the demographic 
factors.

Math attitudes
First, we examined students’ initial math attitudes (RQ1a; see Table 3). Each model 
accounted for 8% or less of the variation in the outcome (math self-efficacy: R2 = .03, 
interest in math: R2 = .08, math identity: R2 = .04). Across all three domains of math 
attitudes, URM status appeared to explain significant variation (math self-efficacy: F 
(1,603) = 5.45, p = .012, ηpartial

2 = .009; math interest: F(1,602) = 3.99, p = .046, ηpartial
2 

= .007, math identity: F(1,603) = 12.39, p < .001, ηpartial
2 = .020). However, these effects 

were relatively small. Tukey post hoc comparison revealed that URM students tended to 
have more negative attitudes towards math (math self-efficacy: Mean difference = −0.21, 
95% CI = −0.38: −0.03; math interest: Mean difference = −0.20, 95% CI = −0.39: −0.002; 
math identity: Mean difference = −0.34, 95% CI = −0.54: −0.15). In addition, grade level 
appeared to significantly predict variation in students’ initial interest in math (F 
(2,602) = 21.12, p < .001, ηpartial

2 = .063) and math identity (F(2,603) = 3.98, p = .019, 
ηpartial

2 = .013), but not self-efficacy in math (p = .318). The effect of grade level on math 
interest and identity appeared to have a small effect. Tukey post hoc contrast compar
isons revealed that students in grade six had significantly greater interest in math (Mean 

Table 3. ANOVA modeling scores for math attitudes on the baseline.
Self-efficacy Interest in Math Math Identity

Predictor df F p ηpartial
2 F p ηpartial

2 F p ηpartial
2

Cohort (2018 = 1) 1 8.07 .005** .013 6.24 .013* .010 0.98 .322 .002
Grade (6, 7, 8) 2 1.15 .318 .004 20.12 .000*** .063 3.98 .019* .013
Gender (Female = 1) 1 0.05 .827 .000 0.68 .410 .001 1.92 .166 .003
URM Status (URM = 1) 1 5.45 .020* .009 3.99 .046* .007 12.39 <.001*** .020
Gender * URM Status 1 0.85 .358 .001 1.40 .237 .002 2.73 .099 .005
Residuals 603†

***p < .001, ** p < .01, * p < .05, · p < .10. 
*Note: Residual DF for interest in math is 602.
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difference = .61, 95% CI = .38: .84) and more positive math identity (Mean difference = .25, 
95% CI = .03: .47) than students in grade seven, even when accounting for the other 
factors. Students in grade eight, in turn, had greater interest in math than students in 
grade seven (Mean difference = .25, 95% CI = .01: .69). No other contrasts were significant.

Computer programming attitudes
We next examined students’ computer programming attitudes (RQ1b; see Table 4). 
Differences in students’ awareness (F(1,603) = 5.37, p = .021, ηpartial

2 = .009), interest (F 
(1,603) = 9.81 p = .002, ηpartial

2 = .016), and aspiration (F(1,603) = 6.30, p = .012, ηpartial
2 

= .010) towards computer programming could be partly explained by URM status, 
indicating that URM students tended to have less favorable attitudes toward computer 
programming across these three dimensions (awareness: Mean difference = −0.20, 95% 
CI = −0.36: −0.03; interest: Mean difference = −0.24, 95% CI = −0.50: −0.14; aspiration: Mean 
difference = −0.23, 95% CI = −0.40: −0.05). Gender explained significant variation in 
students’ interest (F(1,603) = 8.69, p = .003, ηpartial

2 = .014) and aspirations towards a 
future (F(1,603) = 15.11, p < .001, ηpartial

2 = .024) in computer programming. Female 
students tended to have lower interest (Mean difference = −0.24, 95% CI = −0.40: −0.08) 
and aspirations (Mean difference = −0.31, 95% CI = −0.46: −0.15). In addition, the interac
tion of gender and URM status explained significant variation in students’ aspirations (F 
(1,603) = 4.16, p = .042, ηpartial

2 = .007). Students who were URM and female had 
significantly lower aspirations than those who did not identify in both categories (Mean 
difference = −0.59, 95% CI = −0.90: −0.28). Grade also appeared to explain a significant 
variation in students’ interest (F(2,603) = 5.06, p = .007, ηpartial

2 = .017) in computer 
programming. Students in grade six appeared to have greater interest in computer 
programming than students in grade seven (Mean difference = 0.28, 95% CI = 0.07: 
0.49). None of these variables explained significant variation in students’ self-efficacy 
towards computer programming.

We subsequently considered whether variation in students’ initial computer program
ming attitudes could be explained by math attitudes, on top of gender, URM status, and 
the interaction of the two (see also Table 4). Both math self-efficacy and math identity 
explained significant variation in all four domains of computer programming attitudes 
such that students with greater baseline math self-efficacy also tended to have greater 
initial attitudes towards computer programming. In addition, interest in math was sig
nificantly and positively associated with self-efficacy, but not awareness, interest, or 
aspirations towards computer programming. After controlling for variation attributable 
to math attitudes, we did not find the demographic variables explained variation in 
students’ awareness or self-efficacy in computer programming. However, we did find 
that both gender (F(1,581) = 8.45, p = .004, ηpartial

2 = .014) and URM status (F(1,581) = 6.84, 
p = .004, ηpartial

2 = .014) explained significant variation in students’ interest. Gender also 
explained variation in students’ aspirations (F(1,581) = 12.65, p < .001, ηpartial

2 = .021). Even 
when accounting for the other variables, both female (interest: Mean difference = −0.21, 
95% CI = −0.37: −0.06; aspirations: Mean difference = −0.27, 95% CI = −0.42: −0.12) and 
URM (interest: Mean difference = −0.22, 95% CI = −0.40: −0.01) students tended to have 
more negative orientations than their counterparts. Students’ grade also appeared to 
explain significant differences in their interest in computer programming (F(2,581) = 5.30, 
p = .005, ηpartial

2 = .018), but not their awareness, self-efficacy, or aspirations. We again 
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found that grade six students had greater interest than those in grade seven (Mean 
difference = 0.28, 95% CI = 0.08: 0.49).

Non-linear growth in attitudes from the baseline to fourth follow-up

As is common among educational interventions, we suspected that improvement in the 
outcome could potentially be non-linear. When change is presumed to be non-linear, 
using a pre-post or simple linear model analysis is not appropriate as it obscures the 
complexity of growth. Figure 1 provides some graphical evidence of a drastic initial 
increase in attitudes across all four dimensions of computer programming attitudes. We 
thus opted to consider the rate of change from the baseline to the first follow-up in each 
domain as distinct from the rate of change from the first follow-up thereafter.

Growth in computer programming attitudes across multiple time points

After establishing some evidence of longitudinal measurement invariance of the compu
ter programming attitudes (see Supplemental Materials), we then sought to examine 
change in the constructs over time (RQ2). Separate linear growth models were tested, one 
each for the four dimensions of the computer programming attitudes. As noted pre
viously, a graphical analysis indicated that there was evidence of a non-linear trend across 
all five time points (see Figure 1) as we observed a steep increase in attitudes between the 
baseline and the first follow-up with less sharp growth thereafter. A piecewise growth 
curve approach was therefore used to model the four constructs from baseline to the first 
follow-up and from the first to the final follow-up separately. From the first to the final 
follow-up, there appeared to be a linear change for awareness and a quadratic change for 
the other three domains. We subsequently tested four successive models: intercept only 
plus random effects for slope 1 (baseline to first follow-up) and slope 2 (first to final follow- 
up) in model 1, intercept and fixed effects, and random effects for slope 1 and 2 in model 

Figure 1. Average scale score measured across time in each dimension of computer programming 
attitudes (N = 610). The shaded bar reflects the 95% confidence interval around the mean.
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2, the same parameters in model 2 plus a quadratic effect of slope 2 in model 3. Between 
models 2 and 3, we selected a model based on the results of a chi-square difference test 
and comparison of model fit parameters (i.e. AIC, BIC, Log-likelihood, deviance, Δχ2 test). 
Whichever model fit better (with or without quadratic term) was then used as the basis for 
model 4. In addition to the predictors, we also included interaction terms of each 
predictor with slope 1 and/or 2, depending on whether the parameter was significant 
in the base model. If it was not significant, we opted not to include interaction terms as it 
was presumed there was no association that could be moderated. Table 5 shows the fit for 
each successive model tested.

After establishing some evidence of linear growth between the baseline and the first 
follow-up, we subsequently examined if certain background characteristics moderated 
the change between the baseline and the first follow-up by including the aforementioned 
predictors in model 4 (RQ3). The background characteristics included students’ math 
attitudes (i.e. math self-efficacy, interest in math, math identity), grade level, gender, and 
URM status, in addition to a control variable for the number of activities completed. 

Table 5. Model fit comparison (N = 610).
Goodness-of-fit Indices Δχ2 Test

Construct 
Model df AIC BIC

Log 
Likelihood Deviance

Model 
Comparison Δχ2 Δdf p

Awareness
M1: Intercept Only 7 5144.56 5190.65 −2564.28 5128.56 - - - - -
M2: Intercept + Slope 1 and 

Slope 2
9 4967.83 5025.44 −2473.91 4947.83 M1 v. M2 180.73 2 <.001 ***

M3: Intercept + Slope 1 and 
Slope 2 and (Slope 2)2

10 4969.33 5032.71 −2473.67 4947.33 M2 v. M3 0.50 1 0.481

M4: Inclusion of Main and 
Interaction Effects

30 4940.90 5125.26 −2438.45 4876.90 M3 v. M4 70.43 20 <.001 ***

Self-efficacy
M1: Intercept Only 7 4194.58 4240.59 −2089.29 4178.58 - - - -
M2: Intercept + Slope 1 and 

Slope 2
9 4154.21 4211.73 −2067.11 4134.21 M1 v. M2 44.36 2 <.001 ***

M3: Intercept + Slope 1 and 
Slope 2 and (Slope 2)2

10 4155.64 4218.91 −2066.82 4133.64 M2 v. M3 0.57 1 0.450

M4: Inclusion of Main and 
Interaction Effects

23 4101.59 4245.38 −2025.80 4051.59 M3 v. M4 82.05 13 <.001 ***

Interest
M1: Intercept Only 7 5402.69 5448.69 −2693.34 5386.69 - - - -
M2: Intercept + Slope 1 and 

Slope 2
9 5376.46 5433.96 −2678.23 5356.46 M1 v. M2 30.23 2 <.001 ***

M3: Intercept + Slope 1 and 
Slope 2 and (Slope 2)2

10 5373.78 5437.03 −2675.89 5351.78 M2 v. M3 4.68 1 0.031 *

M4: Inclusion of Main and 
Interaction Effects

31 5343.33 5533.10 −2638.66 5277.33 M3 v. M4 74.45 21 <.001 ***

Aspirations
M1: Intercept Only 7 5267.01 5313.01 −2625.50 5251.01 - - - -
M2: Intercept + Slope 1 and 

Slope 2
9 5263.38 5320.88 −2621.69 5243.38 M1 v. M2 7.63 2 0.022 *

M3: Intercept + Slope 1 and 
Slope 2 and (Slope 2)2

10 5254.74 5318.00 −2616.37 5232.74 M2 v. M3 10.64 1 0.001 **

M4: Inclusion of Main and 
Interaction Effects

31 5202.90 5392.67 −2568.45 5136.90 M3 v. M4 95.84 21 <.001 ***

***p < .001, ** p < .01, * p < .05, · p < .10 
Note: Slope 1 refers to the slope between the baseline and the first follow-up. Slope 2 refers to the slope between the first 

and final follow-up. All models contain a random effect for Slope1 and Slope 2.
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Table 6 shows the corresponding standardized parameter estimates for each successive 
model tested.

Awareness
Based on the results of the Δχ2 test and fit indices, model 2 (i.e. linear model) appeared to 
fit significantly better than the intercept-only model 1. Including the quadratic term did 
not result in an improved model (see Table 5). Therefore, we opted to use model 2 as the 
basis for model 4, which included the predictors. Examining the estimates for model 2 
suggested that the slope of the trendline between the baseline and the first follow-up 
(slope 1; β = .24, t = 12.15, p < .001) and between first and final follow-up (slope 2; β = .05, 
t = 2.73, p = .007) were both significant (see Table 6). Thus, we included an interaction of 
each predictor with the two slopes in model 4 to test for moderation. The results 
suggested a main effect of math self-efficacy (β = .07, t = 2.39, p = .017), indicating that 
students with greater initial math self-efficacy also tended to have greater awareness of 
computer programming. There also appeared to be a significant interaction of math 
identity (β = −.07, t = −2.41, p = .016) with slope 1. Relative to students with greater 
initial math identity, students with lower initial math identity tended to grow more 
quickly in their awareness of computer programming between the baseline and the 
first follow-up. Growth in students’ awareness did not appear to differ between either 
the baseline and first follow-up or thereafter based on whether or not the student was 
female or from a URM group.

Self-efficacy
As we had found with the models predicting growth in awareness, model 2 (intercept and 
slopes) had significantly better fit than model 1 (intercept only). We also found that the 
inclusion of the quadratic effect for slope 2 in model 3 did not result in improved fit above 
model 2 (see Table 5). Therefore, as we had with the awareness growth model, we used 
model 2 as the basis for including predictors in model 4. Examining the estimates for 
model 2 suggested that the slope of the trendline between the baseline and the first 
follow-up (slope 1) was significant while the slope of the trendline between the first and 
final follow-up (slope 2) was not. Though there was significant improvement in students’ 
self-efficacy between the baseline and the first follow-up (β = .14, t = 6.43 p < .001), there 
was little change thereafter and students’ self-efficacy remained stable (β = −.01, t = −.66, 
p = .511; see Table 6). Since the slope 2 parameter was not significant, we did not include 
interaction terms between it and the predictors entered into model 4.

The inclusion of the predictors revealed several significant effects in model 4. We found 
that students’ initial math self-efficacy (β = .15, t = 2.80, p = .005) and math identity 
(β = .13, t = 2.00, p = .046) were both positively associated with self-efficacy in computer 
programming. As had been found in the model predicting awareness, students in grade 
eight appeared to improve in their self-efficacy toward computer programming more 
slowly than students in grade six between the baseline and first follow-up, as evidenced 
by a significant interaction term (β = −.14, t = −2.27, p = .023). Also between the baseline 
and the first follow-up, students with greater initial math interest tended to have more 
rapid growth in their self-efficacy toward computer programming (β = .06, t = 2.43, 
p = .015), further implicating the association between attitudes toward math and com
puter programming. As had been found in the model predicting awareness, growth in 
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students’ self-efficacy toward computer programming did not appear to differ based on 
whether or not the student was female or from a URM group.

Interest
We again found that model 2 (intercept plus slope 1 and 2) demonstrated a significantly 
better fit than model 1 (intercept only). Unlike the analyses for awareness and self-efficacy, 
we also found that model 3 (intercept, slope 1 and 2, plus quadratic of slope 2) appeared 
to fit significantly better than model 2 (without the quadratic term; see Table 5). Therefore, 
we used model 3 as the basis model for including predictors. Inspecting the standardized 
estimates for model 3 suggested that there was significant positive growth in students’ 
interest in computer programming between the baseline and the first follow-up (β = .12, 
t = 5.86, p < .001; see Table 6). However, between the first and final follow-up, interest 
waned slightly at first as suggested by a negative slope 2 coefficient (β = −.07, t = −3.05, 
p = .002) though increased soon after, as suggested by a significant quadratic term 
(β = .04, t = 2.17, p = .030).

Including the predictors in model 4 revealed several significant effects. Students with 
greater initial math identity tended to have greater interest in computer programming 
(β = .15, t = 2.22, p = .027). Female (β = −.23, t = −3.06, p = .002) and URM (β = −.17, 
t = −2.01, p = .045) students appeared to have less interest in computer programming 
than their male and non-URM counterparts. The lack of an interaction effect between 
either of these demographic variables and the slope term suggests that change in interest 
did not differ based on these characteristics. In other words, interest in computer pro
gramming among both female and URM students and their respective counterparts grew 
at approximately the same rate. We also found that students in grade seven appeared to 
have greater growth in their interest in computer programming compared with students 
in grade six (β = .10, t = 2.21, p = .028).

Aspirations
Finally, we considered piecewise growth in students’ aspirations for a future in computer 
programming. As we had found with interest construct, the results of the measurement 
invariance provided evidence of scalar invariance for the aspirations construct, both in 
terms of maintaining good model fit and the χ2 test (see Table 5). We thus proceeded with 
the piecewise growth curve analysis in a similar fashion as with the other dimensions of 
computer programming attitudes. Model 2 (intercept plus slope 1 and 2) demonstrated 
a significantly better fit than model 1 (intercept only). Much like the results of model 
selection for interest in computer programming, we found that model 3 (intercept, slope 1 
and 2, plus quadratic of slope 2) appeared to fit significantly better than model 2 (without 
the quadratic term). As such, we used model 3 as the basis model for including predictors 
in model 4. The standardized coefficients for model 3 suggested significant positive 
growth in students’ aspirations toward computer programming between the baseline 
and the first follow-up (β = .07, t = 3.29, p = .001; see Table 6). Between the first and final 
follow-up, aspirations decreased slightly at first as suggested by a negative slope 2 
coefficient (β = −.04, t = −3.02, p = .003) though increased soon afterwards, as indicated 
by a significant quadratic term (β = .06, t = 3.27, p = .001). This suggested some non-linear 
U-shaped change between the first and final follow-up.

COMPUTER SCIENCE EDUCATION 21



Including the predictors in model 4 revealed several important trends that mirrored 
those of the findings related to the interest construct. Students with greater initial math 
identity tended to have greater aspirations towards computer programming (β = .21, 
t = 2.43, p = .015). In addition, female (β = −.24, t = −2.58, p = .010) and URM (β = −.21, 
t = −2.24, p = .025) students appeared to have lower aspirations for a future in computer 
programming than their counterparts. Furthermore, the lack of an interaction effect 
between either of these demographic variables in the two slope terms suggests that 
change in aspirations towards computer programming among both female and URM 
students and their respective counterparts grew at approximately the same rate. Students 
with greater math self-efficacy appeared to have greater growth in their aspirations 
towards computer programming (β = .07, t = 2.45, p = .015).

Discussion

In the present study, we first examined baseline differences in middle school students’ 
attitudes towards computer programming, controlling for differences in math attitudes. 
We then investigated changes in computer programming attitudes and the extent to 
which gender and URM status influenced growth after accounting for baseline differences 
in students’ math attitudes, grade level, and engagement with an online platform that 
was designed to improve students’ orientations towards computer programming. One 
novelty of this approach is that we examined growth in dimensions of computer pro
gramming attitudes using a non-linear model that appeared to closely reflect its actual 
change. To capture improvement with greater specificity, we included math attitudes as 
predictors, reflecting students’ math self-efficacy, interest in math, and math identity. 
Similarly, we considered computer programming attitudes with respect to awareness, 
self-efficacy, interest, and aspirations for a future. These four domains of computer 
programming attitudes were selected based on SCCT (Lent et al., 2002), which describes 
a framework for the development of long-term career interests.

Initial differences in math and computer programming based on gender and 
URM Status

Several important findings were revealed with respect to baseline differences. For math 
attitudes, there were no significant differences between male and female students. 
However, we did find differences between URM and non-URM students, with URM 
students tending to have more negative orientations towards math. This finding may 
reflect the negative impact of stereotypes that URM students hold about their abilities 
(OBrien et al., 2015). Grade level also explained differences in students’ math interest and 
math identity as measured against the baseline. Students in grade six appeared to have 
significantly more positive attitudes in both domains than students in grade seven. It is 
possible that as students encounter more difficult math content in grade seven compared 
with the previous year; the greater challenge could disrupt and lower their attitudes 
towards the subject area (Pajares & Graham, 1999), with female and URM students being 
particularly negatively affected (Catsambis, 1994; Huang et al., 2019). Through formal and 
informal learning experiences, students may develop more positive and stable orienta
tions towards math (Degenhart et al., 2007; Plant et al., 2009). Further research using the 
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platform described in the present study could help determine the association between 
these types of learning experiences and positive orientations towards computer science 
and programming, in addition to what factors promote such positive orientations and 
whether the association differs between certain students.

We found no significant differences in students’ awareness and self-efficacy toward 
computer programming based on gender or URM status after controlling for math 
attitudes. However, apart from the variation explained by math attitudes, there were 
differences in students’ computer programming interest on the basis of gender and URM 
status, as well as differences in computer programming aspirations on the basis of gender. 
Both females and URM students expressed having lower initial interest and aspirations 
toward computer programming than their respective counterparts. Past research indi
cates that interest and intention to achieve in the subject area are critical for academic 
pursuits in the short-term (Geary et al., 2019; Niepel et al., 2018; M. T. Wang et al., 2021) 
and future scholarly and professional ambitions later on (Lent et al., 2019; Su, 2020). These 
findings may point towards early emerging attitudinal differences that likely contribute to 
a widening gap in participation in computing careers among female and URM students. 
By the time students enroll in middle school, disparities in female and URM students’ 
interest and aspirations toward computer programming may be shaped by multiple 
factors, including lower self-efficacy in STEM fields (Ball et al., 2017; Seo et al., 2019) and 
possibly formed through the influence of societal expectations and stereotypes (O’Brien 
et al., 2015; Pantic et al., 2018), which effectively serve as barriers to early participation in 
these fields (Butler-Barnes et al., 2021).

Growth in computer programming attitudes

We also sought to establish some evidence of longitudinal measurement invariance 
before proceeding with the growth model analysis. This would help to ensure that the 
construct was measured consistently at each time point and thus conclusions could be 
validly drawn from a model examining change in the construct over time. Consistent with 
past research examining construct stability of STEM attitudes (Unfried et al., 2015), we 
were able to establish evidence of scalar measurement invariance for interest and aspira
tions, but not awareness and self-efficacy. During the academic year, students’ under
standing of computer programming is likely to have changed, and thus their 
interpretation of questions about their knowledge and ability in computer programming 
is also potentially susceptible to change. Many middle school students may be unfamiliar 
with computer science and programming (Doerschuk et al., 2007; Pantic et al., 2018), and 
thus may not know how to answer such a question as this. As their knowledge of the 
subject grows, so too does students’ awareness and self-efficacy within the subject, as 
well as their ability to self-monitor their understanding of it (Z. Z. Wang et al., 2020). 
Although this limited the interpretability of the subsequent growth models, this issue may 
reflect the complicated nature of the constructs of awareness and self-efficacy towards 
computer programming, as well as the difficulty of validly and reliably measuring such 
constructs over the long run.

The growth model analyses for all four domains of computer programming suggested 
significant positive growth between the baseline and the first follow-up when not 
accounting for the predictors. Consistent with SCCT, past research and theory suggest 
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that the development of awareness, self-efficacy, interest, and finally, aspirations is some
what sequential (Gainor & Lent, 1998; Su, 2020). While awareness and self-efficacy of 
computer science can be improved through shorter-term positive experiences (Pollock 
et al., 2004), interest and aspirations may require repeated exposure to positive experi
ences to remain stable over time (Low et al., 2005). This may explain why we found some 
evidence of non-linear growth in interest and aspirations after the first follow-up, but not 
in awareness and self-efficacy, which remained stable after the initial period of growth 
between the baseline and the first follow-up. The change in lower-level computer 
programming attitudes between time points suggests that improvement in the four 
domains may occur according to different timespans.

The extent to which attitudes towards subjects like math are related to the trajectory of 
interest development is less well understood within a framework such as SCCT. Our findings 
from the growth model analyses suggest that students who hold more favorable math 
attitudes tend to have a greater improvement in computer programming attitudes. These 
findings hint at the possibility that positive math attitudes may precipitate more favorable 
attitudes towards other STEM subjects (Ching et al., 2019; Lin et al., 2018; Seo et al., 2019; 
Wiebe et al., 2018), such as computer programming. Other factors related to prior experi
ences, such as grade level may also influence growth in attitudes toward computer 
programming. In line with SCCT, we would expect growth in a students interest in computer 
programming to occur after the student has developed a foundation of awareness and self- 
efficacy in the subject. This assumption is at least partially supported by the findings that 
grade seven students grew more rapidly in their interest in computer programming. 
Students often complete a class which teaches computer skills as they begin middle school 
in grade six. As such, grade seven students may have just enough experience in computer 
programming to support a deeper level of interest development than less experienced 
students in grade six and more experienced students in grade eight.

After accounting for other factors in the models, we found several important differences in 
the growth of computer programming attitudes among certain groups of students. We found 
that female and URM students tended to begin with significantly lower interest and aspira
tions toward computer programming, even when accounting for all of the other predictors in 
the growth model. These findings are largely consistent with the results of the ANOVA 
models, which found some baseline differences between male and female or URM and non- 
URM students. We did not find that changes in growth in computer programming either 
between the baseline and the first follow-up or thereafter were associated with gender or 
URM status. These findings may speak towards some initial efficacy of the intervention in at 
least preventing widening disparities in attitudes towards STEM subject areas. From an 
educational perspective, the personalization offered by the online platform is critical for 
connecting students with content, particularly in a subject such as computer programming, 
in which students are likely to have had limited previous exposure (Štuikys & Burbaitė, 2018). 
However, this creates an obvious research challenge as students’ experiences using the online 
platform may vary widely and thus should be further examined in future research.

Implications

The present study findings contribute to a growing understanding of changes that occur 
among middle school students in their attitudes towards computer programming. 

24 T. M. OBER ET AL.



Furthermore, our findings are drawn from attitudinal data collected from a diverse sample 
of middle school students, a relatively understudied population within STEM disciplines. 
Middle school is a critical yet underappreciated time for future career discovery in STEM 
disciplines (Blotnicky et al., 2018). The present findings provide a roadmap for researchers 
and educators to understand how middle schoolers’ computer programming attitudes 
may change over the course of an academic year. Recognizing that certain attitudes 
towards computer programming develop over a different time span is an important first 
step for (1) studying the associations between orientations towards computer program
ming and later scholarly and professional pathways; and (2) promoting early change in 
students’ orientations towards computer programming. There was some general support 
for a theoretical model positing that students’ orientation towards computer program
ming develops sequentially (Gainor & Lent, 1998; Su, 2020). It may therefore be unrealistic 
to expect immediate changes in students’ interest and aspirations in computer program
ming yet seeing evidence of improvement in awareness and self-efficacy is a good 
indication of growth in a positive orientation towards computer programming.

We were able to confirm longitudinal stability in students’ interest and aspirations for 
a future in computer programming. However, we also found that the constructs of 
awareness and self-efficacy were not sufficiently stable. These findings shed light on the 
difficulty of measuring such constructs because their essence itself may be susceptible to 
change. As students gain exposure to computer programming, the information against 
which they evaluate their understanding also changes. In some contexts, it is not entirely 
surprising that students’ perceived awareness and self-efficacy diminished initially after 
gaining some experience with computer programming. As students gain more informa
tion about a subject, they may soon realize the depth of knowledge required to under
stand it. This may lead to more conservative estimates of awareness of a subject, despite 
an increase in knowledge of it. While research on perceived awareness is limited, much 
like self-efficacy it is likely highly susceptible to fluctuations during learning (Bernacki 
et al., 2015). The present study also found that there are stubborn gaps in students’ initial 
orientations towards computer programming based on gender and URM status among 
middle school students. We found this surprising, given that all students within the 
sample were likely to have had minimal exposure to computer programming at the 
start of the year. Providing curated content using AI-enabled recommender systems is 
one means to achieve personalization and promote effective learning (Tsybulsky, 2020).

Limitations

Despite the significance of these findings, there are several limitations of the present 
study. Some of these limitations arise from issues that often occur in applied educa
tional settings. First, there are methodological issues that affect the validity of the 
measures. While we attempted to be thorough in ensuring valid and reliable mea
sures by conducting measurement invariance, we did not establish definitive evi
dence of invariance across time with respect to the awareness and self-efficacy 
measures. Furthermore, the self-efficacy measure at the baseline appeared to have 
low internal consistency. The reasons for this are presently unclear though may 
reflect fundamental changes in the construct itself, particularly after some initial 
experience with the target skill of computer programming (for a discussion of this 
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issue, see Meade et al., 2005). Students may have had the most difficulty in grasping 
the meaning of items on the scale. As noted by Vandenberg et al. (2020), the terms 
used by instructional designers to refer to computing curriculum may not be com
monly understood by youth. Aside from age, other cultural and language back
ground factors may affect ones ability to interpret and appropriately respond to 
items on the scale. Despite these limitations, we note that internal consistency 
appeared to improve at later time points for the self-efficacy measure, potentially 
reflecting a developing vocabulary and knowledge base in the subject.

Aside from limited sample size, which is further diminished by attrition that so often 
occurs in longitudinal research, several additional limitations may affect the general
izability of the study. First, students were also part of an intervention designed to expose 
them to computer science educational content, with the intent to trigger interest in 
a career in computing or a related field. As such, it is unclear how well these findings 
generalize to students who have not been using a platform such as the one in the present 
study. The findings are also correlational and therefore we cannot distinguish the possi
bility that other factors may have contributed to improvement in students’ orientations 
towards computer programming such as other school curricula or natural growth due to 
maturation. Further experimental or quasi-experimental research is needed to draw 
conclusions about the efficacy of the platform itself in promoting such change. Second, 
we also note that these findings are not drawn from a multi-year longitudinal study and 
thus any claims about long-term change between grade levels are tenuous. Third, other 
factors beyond grade level not controlled for in the growth models could have explained 
the variation in the long-term growth of computer programming attitudes, such as 
extracurricular experiences. Future work should consider how such experiences may 
positively shape the development of students’ orientations towards computing careers, 
particularly for underserved and underrepresented students in the field. Finally, given that 
the study involves middle school students, it would be difficult to make claims about how 
the findings generalize to younger and older students. Conducting a longitudinal study 
following multiple cohorts across ages or grade levels could help to increase knowledge 
of this important topic.

Conclusions

In this study, we examined growth in middle school students’ attitudes towards computer 
programming, as well as factors that may contribute to such growth, during an 
academic year in which they used an online platform designed to provide curated content 
for learning computer programming. Middle school may be an ideal time to prevent 
negative orientations from forming among individuals from groups that have historically 
been underrepresented in computing fields. We found baseline differences in certain 
computer programming attitudes on the basis of gender and URM status; however, we 
did not find such differences in baseline math attitudes. We also found that between the 
baseline and the first follow-up, there was evidence of improvement in all four domains of 
students’ computer programming attitudes. These findings provide a framework for 
studying changes in students’ computer programming attitudes. We hope that these 
findings may be applied increasing parity in the field of computing.
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Note

1. https://www.curatedpathways.org/
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