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Abstract—In this full research paper, we compare the impact
of learning a visual versus textual programming language in
an introductory computing course that is a general education
requirement at our institution. We conducted a randomized
comparative study with “experimental” sections that were taught
using Python instead of RAPTOR, a flowchart-based program-
ming language. The populations of students learning each pro-
gramming language were similar with respect to gender, race, and
predicted performance based upon standardized test scores and
prior post-secondary education. Although students’ performance
on the whole was similar regardless of the programming language
taught, predicted performance is correlated with SAT Math
scores, grades in mathematics courses (specifically Calculus II),
and, for lower-performing students, grades in other courses that
satisfy general education requirements. That is, students from
these groups who had lower predicted performance and learned
Python performed worse on average than their peers who learned
RAPTOR, and students with higher predicted performance
outperformed (on average) their peers who learned RAPTOR. In
addition, students’ performance in subsequent computer science
courses was not correlated with their performance and the
language they learned in our introductory computing course. Our
results raise important questions about the role of an introductory
computing course in promoting equity and engaging students
from historically underrepresented groups in computing fields.

Index Terms—computer science, undergraduate, instructional
change, achievement, equity, introduction to programming, RAP-
TOR, Python

I. INTRODUCTION

Opinions regarding the language to use in introductory
programming courses have varied widely for decades [26],
particularly following the replacement of Pascal as the lingua
franca across computer science curricula. Quoting from the
2013 ACM / IEEE Computer Society computer science
curriculum guidelines [25]:

. . . rather than a particular paradigm or language
coming to be favored over time, the past decade has
only broadened the list of programming languages
now successfully used in introductory courses. There
does, however, appear to be a growing trend toward
“safer” or more managed languages (for example,
moving from C to Java) as well as the use of more
dynamic languages, such as Python or JavaScript.
Visual programming languages, such as Alice and
Scratch, have also become popular choices for pro-
viding a “syntax-light” introduction to programming;
these are often (although not exclusively) used with
non-majors or at the start of an introductory course.

The ongoing debate regarding the difficulty [21] or ease [32] of
learning to program indicates that this issue remains relevant.
The majority of students in an introductory computing course
that fulfills a general education requirement will not go on
to major in a computing-related discipline. For many, such a
course may be their only formal exposure to programming.
Unfortunately, existing research is mixed regarding which
programming language (or, more generally, programming
paradigm) is most appropriate in this context.

The 2019–2020 academic year presented a unique opportu-
nity to study the impact of changing the programming language
from RAPTOR [10], a flowchart-based programming language,
to Python in our introductory computing course. Unlike many
other institutions, our introductory computing course is required
for all students, allowing us to examine the impact of this
change from a variety of perspectives due to the lack of
self-selection bias [23]. More specifically, we conducted a
randomized comparative study by randomly assigning students
to sections taught using either RAPTOR or Python.

In this paper, we examine the relationship between the
programming language used in an introductory computing
course (i.e., RAPTOR or Python) and predicted performance,
both in the introductory course and in subsequent technical
courses. Our contributions are as follows:

• We explore factors that predict student performance in
our introductory computing course, finding a stronger rela-
tionship between mathematical maturity and achievement
when learning a textual programming language.

• We analyze how students’ initial programming language
affects their performance in subsequent courses, finding
that the differences are not statistically significant.

Our work is part of a comprehensive effort to better understand
the impact of changing the programming paradigm used to
teach introductory programming.

The remainder of this paper is organized as follows. We
present an overview of our research methodology including our
research questions, experimental design, participants, and data
collection in Section II. Section III details our evaluation of
the change from RAPTOR to Python. We discuss our results in
Section IV. In Section V, we summarize related work. Finally,
we conclude in Section VI.

II. RESEARCH METHOD

We performed a randomized comparative experiment to
evaluate the impact of the programming language in an



introductory computing course that is required for all students
at our institution. Randomization is the gold standard when
attempting to show a causal relationship between different
treatments [13], [36] (e.g., the programming language).

A. Background

Comp Sci 110: Introduction to Computing and Cyber
Operations is a general education requirement at the United
States Air Force Academy and typically taken by students
during their freshman year. Comp Sci 110 is best characterized
as CS0.5 [41]: it introduces computer science principles
(e.g., binary), exposes students to programming, and surveys
related fields (e.g., artificial intelligence (AI) and cybersecurity).
Programming comprises approximately 50% of the course
material. Although some students have taken prior computer
science courses, either in high school (e.g., AP courses) or
at other colleges, few students receive placement or transfer
credit due to the non-programming topics covered.

This 3-credit course has one lecture hour and two hours of
activities outside of each class session. Activities outside of
class are standardized across sections—i.e., everyone has the
same readings, homework, programming exercises, etc. While
instructors have flexibility regarding their use of class time,
most split the period into “lecture” and “lab” time. Instructors
review prior material and cover new material at the beginning
of the class, and students use the remaining time to work
on homework while their instructor can provide immediate
assistance.

During the 2019–2020 academic year, we switched the
programming language used for instruction in Comp Sci 110
from RAPTOR [10] to Python. The decision to change the
programming language was driven by several factors, including
perceived limitations of visual programming (e.g., difficulty
following established software engineering practices such as
avoiding global variables [51], functional decomposition [37],
and unit testing) and perceived advantages to introducing
students to a programming language that they may use later
(e.g., in subsequent courses such as AI, in related majors
such as cybersecurity and data science, and after graduation).
In addition, Python is used by an increasing number of
introductory programming courses [7]. In this regard, we are
following a broader trend of adopting a programming language
that is already in common use in industry [22].

B. Research Questions

We examine the relationship between student achievement
and the use of a visual or textual programming language in an
introductory computing course. Student achievement includes
performance in the introductory computing course but also
encompasses subsequent courses that build upon these concepts
across a variety of degree programs.

We address the following research questions:
1) Predicting Performance What factors (e.g., standard-

ized test scores and mathematical maturity) predict stu-
dent performance in an introductory computing course?

TABLE I
STATISTICS FOR COURSE OFFERINGS

RAPTOR Python

Semester Sections Enrollment Sections Enrollment

Fall 2019 22 515 4 94
Spring 2020 14 301 9 173

Overall 36 816 13 267

2) Subsequent Performance Does the programming lan-
guage used in an introductory computing course affect
students’ achievement in subsequent technical courses,
including programming courses?

C. Experimental Design

A unique aspect of our work comes from Comp Sci 110 being
taken by all students at the United States Air Force Academy.
There is no possibility of self-selection bias [23]. Having a
single course differs from efforts that contextualize computing
based on students’ majors (e.g. STEM vs. liberal arts) [20] or
segregating sections based on prior experience [11]. Thus, we
can analyze the impact of changing the programming language
across an entire population of first-year undergraduates.

In Fall 2019, we taught several experimental sections using
Python. The Python sections had the same schedule, learning
outcomes, etc. as RAPTOR sections to enable an unbiased
comparison. Instructors collaborated closely to ensure assign-
ments and assessments were worded similarly and independent
of the programming language. An interactive textbook was
used for Python with the premise it would increase student
engagement (see Edgcomb et al. [16]), potentially leveling the
learning curve of a text-based language.

Due to the initial success with Python, the number of
experimental sections increased in Spring 2020. That semester
we relaxed the policy of keeping the RAPTOR and Python
versions of the course in lockstep so that the experimental
sections could better align with existing resources (e.g., the
textbook) while maintaining the same learning outcomes.

D. Participants

Our participants include all students who took Comp Sci
110 in the 2019–2020 academic year (i.e., the entire Class of
2024 with a handful of exceptions such as students required to
retake the course). In total, 1083 students participated in our
study (see Table I) with 25% learning Python.

Sampling: The university registrar randomly assigned stu-
dents to sections. Students had equal chance of being assigned
to a section using RAPTOR as to a section using Python based
on their schedule. An experimental section was not offered
every period, which accounts for the different proportion of
students who learned each programming language. Transfers
between sections using different programming languages were
not permitted even when requested by students and feasible
due to section sizes and students’ class schedules. Anecdotally,
many students, particularly those who had prior programming
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TABLE II
STUDENT DEMOGRAPHICS (% OF STUDENTS). DATA WAS NOT AVAILABLE
FOR 116 STUDENTS (10.7%); THE PERCENTAGES OMIT THESE STUDENTS.
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RAPTOR 28.2 71.8 10.6 10.2 65.4 10.1 1.8 2.0
Python 28.3 71.7 8.8 10.0 65.7 11.2 2.0 2.4

Overall 28.0 72.0 9.8 10.2 65.9 10.2 1.9 2.1

TABLE III
STANDARDIZED TEST SCORES AND GPA IN COURSES THAT SATISFY

GENERAL EDUCATION REQUIREMENTS.

SAT ACT

Language Math Combined Math Composite GPA

RAPTOR 678 1338 29 29 2.978
Python 678 1337 29 29 3.002

Overall 678 1337 29 29 2.987

experience, asked to switch from a RAPTOR section to a
Python section whereas we did not observe a similar number
of requests by students learning Python.

For a randomized comparative experiment, the groups of
subjects (i.e., students learning each programming language)
should be similar on average to mitigate the risk of confounding
variables. Tables I, II, and III provide statistics regarding the
course enrollment, demographic data, and standardized test
scores for our students. In Table II, “Other” combines the small
number of Native American and Hawaiian / Pacific Islanders
to avoid identification of individuals; “Unknown” indicates
students did not provide this data. The distribution of students
learning each programming language is similar. Students’
standardized test scores (ACT and SAT) and grade point average
(GPA) in courses that fulfill general education requirements
were also comparable (see Table III). Consequently, we con-
clude that the assignment of students to learn each programming
language was effectively randomized and any differences in
students’ performance result from the programming language
being taught.

E. Data Collection

The data used in this study is archival, available from
our registrar’s student information system (e.g., final grades
in courses taught by other departments) or our learning
management system (LMS). All sections taught using the same
programming language shared assignments and assessments.
We used standardized rubrics to minimize scoring differences
across instructors.

III. EVALUATION

This section details our evaluation, specifically the analysis
of the data that addresses our research questions. We start by

0 20 40 60 80 100

RAPTOR

Python

Final Score (%)

Fig. 1. Comparison of student performance using RAPTOR and Python.

summarizing students’ performance with and perception of
each programming language.

Students across all sections of Comp Sci 110 performed
similarly (see Figure 1). More specifically, the programming
language did not have a statistically-significant difference in
students’ final scores (using a two-sided Welch’s unequal vari-
ances t-test [50]). Interesting, the term in which the course was
taken (Fall 2019 or Spring 2020) did have a significant effect,
possibly due to the inclusion of more advanced programming
topics (e.g., file I/O and two-dimensional lists) in Spring 2020
for students who learned Python or due to disruptions caused
by COVID-19.

When comparing across demographic groups, there was not
a statistically-significant difference by gender, but one racial
group, African Americans, performed worse when learning
Python (p < 0.05). Our current work, specifically examining
factors that predict performance in our introductory computing
course, is an attempt to understand this difference. For example,
academic background (e.g., lack of computing courses or
college-level mathematics courses available to a student while
in high school) may account for this decrease, as we did not
explicitly control for students’ backgrounds when assigning
them to a specific programming language. Additional analysis
revealed that African American students who learned RAPTOR
scored, on average, 60 points higher on SAT Math and earned
a 0.103 higher GPA in courses satisfying general education
requirements than African American students who learned
Python; similar differences exist for other demographic groups.

Students’ perception of each programming language varied
widely. In a nutshell, students’ overwhelmingly preferred to
learn a programming language that they could use in the future
(i.e., Python). Quoting one:

I think [learning Python] would have not only been
more interesting but in general it would’ve been
a better use of my time since Python is widely
applicable to the real world. I didn’t really gain much
out of Raptor, after the final I’ll probably never use
it again.

Despite the preference for learning Python, the number of
computer science and cybersecurity majors did not change
significantly, and the proportion of declared majors who learned
RAPTOR and Python was consistent with the average overall
enrollment (see Table I).
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Fig. 2. Predicted student performance by standardized test score—SAT Math
(top) and ACT Math (bottom).

A. Predicting Student Performance

Our first research question focuses on identifying under-
lying factors that predict student success in an introductory
programming course. Knowing these factors facilitates targeted
intervention for at-risk students and has been a topic of interest
for decades (e.g., [4], [31]). From prior studies, mathematical
maturity, as measured in various forms such as standardized
test scores [8], [29], [39] and recent coursework [29], [40],
are most often correlated with success. Unfortunately, few
models have ever been revalidated, either longitudinally or
across institutions although Quille and Bergin’s work [39] is a
notable exception to this trend.

Figure 2 contains a scatter plot and linear regressions for
standardized tests and students’ final score in our introductory
course with each programming language. A robust linear
regression indicates that a student’s SAT Math score, the
programming language, and interaction between these two
variables predict a student’s Comp Sci 110 score; each of
these terms is statistically significant (p < 0.005). Conversely,
there is not a statistically-significant relationship between a
student’s ACT Math score and the programming language in
Comp Sci 110. A higher ACT Math score does predict better
performance; i.e. “good” students perform better independent
of the programming language used.

Our institution also has an internal estimate for students’
academic performance. This “academic composite” score incor-
porates a variety of factors, including standardized test scores,
strength of high school curriculum, and prior performance of
similar students. Figure 3 reinforces the trend in Figure 2. A
robust linear regression indicates that a student’s academic
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Fig. 3. Predicted student performance by academic composite.

composite and the interaction between the academic compos-
ite and programming language being used are statistically
significant (p < 0.02 for each term in the model). This
result suggests that teaching RAPTOR is more equitable than
teaching Python, providing more uniform achievement across
students with different levels of preparation for post-secondary
coursework, although the magnitude of the effect is fairly
small. More specifically, students in the RAPTOR course who
were near the bottom of the range for academic composite
scored, on average, 2.4% higher than their peers in the Python
course whereas students in the RAPTOR course near the top
of the range scored 4.2% lower than those in the Python
course. The improvement in students’ scores at the bottom
of the range mirror prior research where lower-performing
students using RAPTOR outperformed their peers who used
other programming tools [9].

Figure 4 compares students’ performance in Calculus I and II
(taken at our institution) with Comp Sci 110. These mathematics
courses may be taken before, after or concurrently with Comp
Sci 110, depending on students’ performance on placement
exams and the semester in which they take Comp Sci 110
(i.e., fall or spring). The paired box plots in Figure 4 reinforce
the prior theme: students who do well in Calculus I and II
generally do better in Comp Sci 110. A two-way analysis
of variance (ANOVA) indicates that the student’s grade in
Calculus I has a statistically significant effect (p < 1e−40)
on performance in Comp Sci 110. However, the effect of the
interaction between the programming language and Calculus I
grade is not as significant (p < 0.1). Nevertheless, we see a
trend similar to the one we observed with SAT Math scores:
students in the RAPTOR course with the lowest Calculus I
grades scored, on average, 4.6% higher than their peers in the
Python course, whereas students in the RAPTOR course with
the highest Calculus I grades scored 1% lower. It seems again
that RAPTOR “levels the playing field” between students. The
effect is more pronounced when considering instead students’
grades in Calculus II. In this case, a student’s grade in Calculus
II also has a statistically significant effect (p < 1e−42) on
performance in Comp Sci 110, but the effect of the interaction
between the programming language and Calculus II grade is
more significant than with Calculus I (p < 0.03). Moreover,
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Fig. 4. Student performance in mathematics courses—Calculus I (top) and
Calculus II (bottom) compared to our introductory computing course (y axis
of both graphs). These courses are typically all taken as a freshman.

the equalizing effect of RAPTOR is even more substantial.
Students in the RAPTOR course with the lowest Calculus II
grades scored, on average, 16.6% higher than their peers in the
Python course, whereas students in the RAPTOR course with
the highest Calculus II grades scored 2.6% lower. As indicated
by the widths in the provided box plots, some of these groups
are small (e.g., the number of students in the Python course
that earned an F in Calculus II). Nevertheless, we observe
this “equalizing” effect for students learning RAPTOR when
predicting student performance in several ways: by SAT Math
and academic composite (as evidenced by the steeper slope for
the Python regression line) and by Calculus I and II (by the
steeper implied slope if one was to “connect the dots” between
the Python box plots).

In light of the prior analysis, we were curious if the
programming language specifically disadvantaged students with
lower standardized test scores and GPAs in courses that satisfy
general education requirements.1 Using a two-sided Welch’s
unequal variances t-test (α = 0.05), there was not a statistically-
significant difference between students who scored in the
bottom quartile of their peers at our institution with respect
to SAT Math scores, but there was a statistically-significant
difference between students with GPAs in the bottom quartile.

B. Subsequent Course Performance

Our second research question is how the programming lan-
guage affects students’ performance in subsequent computing

1We specifically focus on GPA for general education requirements isolated
from overall GPA to account for differences across major-specific courses.
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Fig. 5. Comparison of performance in CS1 by initial programming language

courses. Although we recognize that most students in Comp Sci
110 will not major in a computing discipline (about 5% of our
students major in computer science or cybersecurity any given
year), most student have not previously taken another computer
science or programming course. Thus, we also want to give
students a realistic and authentic impression of the major,
particularly because subsequent courses are taught using a
textual programming paradigm. In fact, we teach C in our CS1
and CS2 sequence, and it is not obvious that either RAPTOR
or Python is ideally suited to preparing students to program
in a statically-typed language that requires explicit memory
management.

Figure 5 compares students’ performance in CS1 based on
the programming language learned in Comp Sci 110. Once
again, students’ performance in CS1 is correlated with their
performance in our introductory computing course. A robust
linear regression indicates that the programming language in
Comp Sci 110 was not a significant predictor of the student’s
CS1 score. In fact, the only significant term in the model was
the score in our introductory computing course (p < 0.05).
Consequently, we reject the null hypothesis that learning a
textual programming language better prepares students for our
CS1 course.

Our department also offers several programming courses
designed for engineering majors. These courses may be loosely
characterized by the CS0.75 moniker insofar as they cover
less material than a traditional CS1 course that is designed
for students majoring in computer science. These courses use
either MATLAB or Python and range from 1–3 credit hours;
in addition, each course starts by reviewing the programming
topics covered in Comp Sci 110 (variables, decisions, iteration,
etc.). Like our CS1 course, a linear regression indicates
that the programming language does not have a statistically-
significant impact on students’ scores in these subsequent
programming courses designed for non-computer science
majors (see Figure 6).

We also considered performance in two subsequent courses
that use programming: Calculus III and Systems Analysis,
the latter of which exposes students to quantitative modeling
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Fig. 6. Comparison of performance in CS0.75 courses by initial programming language. All axes span the same values to facilitate comparison, but we do not
intend to extrapolate beyond the data (which is typically clustered in the range 80–100).

methods. In both cases, a two-way ANOVA indicates that
neither the programming language nor the interaction between
programming language and score in Comp Sci 110 is statis-
tically significant. In other words, students’ performance in
subsequent courses that use programming (but do not require
students to write programs from scratch) is not affected by the
programming language they learned in Comp Sci 110.

To summarize, learning Python in an introductory comput-
ing course neither advantages nor disadvantages students in
subsequent courses. This result is consistent for subsequent
programming courses and technical (e.g., mathematics) courses.

IV. DISCUSSION

Our analysis of SAT Math scores suggests learning a visual
programming language (i.e., RAPTOR) advantages students
who are less prepared whereas a textual programming language
(i.e., Python) advantages students who are more prepared (see
Figure 2). In contrast, ACT Math scores do not predict students’
performance in Comp Sci 110. Most students take either the
SAT or the ACT (but not both), and the SAT Math prediction is
strongly influenced by several outliers—i.e., students who had
a low SAT Math score and learned Python. Consequently, and
despite the statistical significance of the terms in the SAT Math
regression, this result might be spurious because we do not
observe a similar correlation with the ACT Math standardized
test scores.

Comparing performance in recent mathematics courses is
also mixed: there is not a statistically-significant difference for
Calculus I (α = 0.05), but there is a statistically-significant
difference for Calculus II. Moreover, the impact to students’
scores increases with lower grades in Calculus II. Students
who learned Python and failed Calculus II had a mean
decrease of 16.6 points in Comp Sci 110 compared to students
who learned RAPTOR. Comparing the bottom quartile of
students based on GPA in general education courses again
results in a statistically-significant difference between students
learning each programming language. One conclusion from the

analysis is that textual programming languages (e.g., Python)
perpetuate existing differences among students whereas visual
programming languages (e.g., RAPTOR) are more equitable
because performance is less strongly predicted by students’
backgrounds.

We expected teaching Python in an introductory computing
course to benefit students who go on to take CS1. Our CS1
course is taught using C, and we speculated that Python would
provide a more realistic perspective of programming activities
than RAPTOR. At the very least, Python forces students to
grapple with language syntax whereas RAPTOR glosses over
these details, focusing instead on “algorithmic thinking” and
problem solving. In reality, learning a visual versus textual
programming language had no effect in subsequent courses,
even those designed for computer science majors.

Our results raise several interesting questions regarding the
objective of an introductory computing course. If the objective
is to expose students to programming, then using a visual
programming paradigm may increase equity. If the objective is
to expose students to a programming language that they might
use in the future, then Python is almost certainly a better choice
given its vibrant ecosystem and syntactic similarity with other
widely-used programming languages. Given what we know
about the importance of interest to students’ motivation [15]
and how students’ interests influence programming language
preferences [14], one conclusion is that a “one size fits all”
approach is inherently inferior to contextualized computing [20],
both in promoting equity and in capturing students’ interest in
computing.

Threats to Validity

We discuss a number of potential threats to the validity of
our results in the remainder of this section.

a) Subject Characteristics: Our study participants (i.e.,
students enrolled in Comp Sci 110) were randomly assigned
to sections, which controls for selection bias [5] and increases
internal validity [6]. Students learning RAPTOR and Python
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had similar gender and racial distributions (Table II) and their
academic performance is also similar (Table III). Thus, any
differences in students’ performance are attributable to the
programming language taught in Comp Sci 110.

b) Differences among courses: In Fall 2019, the RAPTOR
and Python courses had the same schedule, learning outcomes,
etc. Instructors collaborated on assignments and assessments
to ensure that they were comparable and independent of the
programming language. To minimize differences between the
RAPTOR and Python environments, we used Thonny [3], a
Python integrated development environment (IDE). Thus, the
most significant difference was the use of an interactive text-
book for students learning Python, but recent studies [1], [30]
indicate that reading comprehension is comparable regardless of
the medium, either print or digital. In Spring 2020, we relaxed
the policy of keeping both versions of the course in lockstep, but
shared the same three learning outcomes, which were assessed
similarly. Regardless of the semester, all sections using the
same language had the same schedule, learning outcomes, etc.

c) Differences among instructors: We had a large number
of instructors: thirteen for RAPTOR and nine for Python.
Only four instructors taught sections in both RAPTOR and
Python, and only two instructors taught both programming
languages in the same semester. While we do not discount that
some instructors may be more effective than others, most have
significant prior teaching experience, and all instructors using
the same programming language followed the same schedule
with identical learning objectives and assessments.

d) Instrumentation Threat: This threat arises from instru-
ments used in the study having low reliability, which can
occur in a number of ways, including differences among
assessment mechanisms and inconsistent scoring by an in-
structor (intra-rater reliability) or across multiple instructors
(inter-rater reliability). To minimize this threat in the Fall
2019 semester, assessments were essentially identical including
the grading rubrics for RAPTOR and Python. As with the
potential for differences among instructors, comparing students’
performance for instructors who taught both RAPTOR and
Python is warranted as part of future work.

e) Generalization: Like most studies, our results may
not generalize to students at other institutions. In particular,
admission to the United States Air Force Academy is highly
competitive, ranking among the most selective colleges and
universities in the country. Given the admissions process and
rigor of the curriculum, our students may be better prepared for
an introductory computing course that includes a substantial
amount of programming, which may minimize the the benefit of
using a visual programming paradigm, particularly for groups
that are historically underrepresented in computing [46].

V. RELATED WORK

There is surprisingly little empirical data to support the
choice of which programming language(s) to use in introductory
programming courses. Pears et al. [38] survey the available
literature on teaching introductory programming, including
the choice of programming language, and conclude that

there is too little evidence to support a particular approach.
More recent literature surveys [24], [35] identify significant
shortcomings in prior work, including an overemphasis on
qualitative observations and an inability to replicate results.
These findings reinforce the need for a large-scale, systematic
study such as ours.

a) Choice of Programming Language: Zelle [52] argues
that scripting languages, specifically Python, are better than
systems languages for teaching introductory computer science
courses. Gupta [19] proposes requirements for introductory
programming languages and elaborates on the shortcomings
of contemporary languages that make them less suitable for
beginners. Mannila and de Raadt [34] offer seventeen criteria
to guide the decision of which programming language to
use in introductory programming courses and conclude that
languages with simple syntax and semantics (specifically Eiffel
and Python) are best. Stefik and Siebert [42] support these
assessments: languages with C-style syntax (specifically Java
and Perl) are comparable to novices in difficulty as a randomly-
generated programming language whereas students perform
better with languages that deviate (e.g., Python and Ruby).

b) Python in Introductory Programming Courses: A num-
ber of studies have examined using Python in an introductory
programming course (i.e., CS1). Students who learned Python
instead of C++ in CS1 performed comparably in a C++-
based CS2 course [18] nor was there a negative effect in
subsequent courses [17]. Koulouri et al. [28] found that students’
understanding of programming concepts increased when using
Python instead of Java in an introductory programming course.
Wainer and Xavier [44] compared teaching an introductory
programming course in C and Python. They found no negative
consequences as a result of the change and, more specifically,
that using Python decreased the number of submissions per
completed assignment, increased the proportion of completed
assignments, increased exam scores, and decreased the failure
rate. Conversely, Alzahrani et al. [2] report that the “struggle
rate” for students learning Python was significantly higher than
students learning C++. While these studies focus on different
textual programming languages, our work differs due to the
change from a visual programming language (i.e., RAPTOR)
to a textual programming language (i.e., Python).

c) Visual Programming Languages: Within the past
decade, visual programming (e.g., Alice [12] and Scratch [33])
has grown increasingly popular. These programming environ-
ments aim to minimize the barrier to entry by scaffolding
novices while still providing the expressive power of traditional
programming languages [45]. Perhaps more importantly, block-
based programming has been shown to increase engagement
and interest in programming among traditionally underrepre-
sented groups in computing fields [27]. Weintrop and Wilen-
sky [47]–[49] have studied how the modality influences students
learning to programming. After five weeks, students learning
to program overwhelmingly found a block-based paradigm
to be easier than a text-based programming language [47]
and demonstrated greater learning and showed more interest
in future computing courses [48]. In contrast, students using
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text-based programming viewed it as more similar to what
professionals do (more authentic) and believed it to be more
effective at improving their programming ability [48]. After
fifteen weeks, though, students who transitioned from block-
based to text-based programming performed comparably to
those who used text-based programming exclusively [49]. The
most likely explanation for this result is quicker mastery of
programming concepts when using block-based programming.

While our work is similar in spirit to Weintrop and Wilen-
sky’s [47]–[49], there are several key differences. First, our
students are undergraduates rather than in high school. As
many as 40% of our students have previously taken a course
related to computing, and at least 10% have already been
exposed to programming. Our setting also does not facilitate
the same exploration and creativity that appeal to traditionally
underrepresented groups in computing (although, in keeping
with best practices [15], [43], we try to craft assignments that
are personally relevant or address societal issues). Second, we
do not transition from a block to text-based modality (i.e., teach
students multiple programming languages) during the semester.
Based on prior results [49], we expect our students to perform
comparably at the end of the semester. Finally, unlike the
prior work that compares text-based programming languages
in introductory programming courses, we are not aware of
similar studies that examine this issue for visual programming
languages or compare a visual programming language (e.g.,
RAPTOR) to Python.

VI. CONCLUSION

Changing the programming language in our introductory
computing course is the most significant change to the course
in nearly two decades. While students’ final scores in the course
were comparable regardless of learning a textual programming
language (i.e., Python) or a visual programming language (i.e.,
RAPTOR), students’ overwhelming preferred to learn Python.

In this work, we consider factors that might predict students’
achievement, including performance on standardized tests,
in mathematics courses, and in courses that satisfy general
education requirements. Our results are mixed but suggest that
a visual programming language tends to “level the playing field”
insofar as students’ performance is less strongly correlated
with the aforementioned factors (although the magnitude of
the effect is small). Furthermore, students learning a textual
programming language did not fare better in subsequent
courses, including those focused on programming, which is
consistent with prior research [49]. To summarize, students
who are expected to do well tend to do well in undergraduate
coursework, independent of the programming language taught
in an introductory computing course—i.e., good students are
generally good students.

Our findings underscore the need to articulate the objective of
an introductory computing course. If equity is a concern, then
visual programming appears to have no drawback apart from
its perceived lack of authenticity. Conversely, students who are
interested in or even ambivalent to studying computer science
may be more interested in learning a textual programming

language because they will be able to use it in the future. Thus,
a “one size fits all” approach may promote equality rather than
equity, making contextualized computing [20] better suited to
both engaging and retaining individuals from a wide variety
of backgrounds.
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