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Success in an introductory college computer science (CS) course encourages students to major and pursue

careers in computer science and many other STEM fields, whereas weak performance is often a powerful

deterrent. This article examines the role of high school course taking (AP, regular, or none) in mathemat-

ics and in CS as predictors of later success in college introductory computer science courses, measured by

students’ final grades. Using a sample of 9,418 students from a stratified random sample of 118 U.S. colleges

and universities, we found that the observed advantage of taking AP calculus over taking AP CS, seen in an

uncontrolled model, was largely confounded by students’ background characteristics. After applying multi-

nomial propensity score weighting, we estimated that the effects of taking AP calculus and AP CS on college

CS grades were similar. Interestingly, enrollment in both AP calculus and AP CS did not have any additional

positive effect, suggesting that both AP calculus and AP CS strengthened similar skills that are important for

long-term CS achievement. Taking regular CS did not have a significant effect; taking regular calculus had a

positive effect, about half the size of taking AP calculus or AP CS. Thus, the study showed that simply expos-

ing students to any kind of CS course before college does not appear to be sufficient for improving college

CS performance; and that advanced CS and advanced calculus in high school may substitute for each other

in the preparation of college CS.
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1 INTRODUCTION

“Mathematics is an integral part of computer science and because of this, students
must develop a good understanding of mathematics in order to be successful in com-
puter science.” [9].
“Teaching a coding language [in high school] is often necessary for teaching compu-
tational thinking or algorithm design, and so it’s a key part of most C.S. education.”
[47].

Opportunities to learn computer science (CS) prior to college have been expanding in the U.S.
through national and state initiatives (e.g., CS for All, Hour of Code) and course offerings at the
high school level (e.g., AP Computer Science A, AP Computer Science Principles). The growth is
spurred by the lure of an abundance of unfilled high-paying jobs as well as the critical need to
broaden access and increase the participation of women and underrepresented minorities in the
field. The focus on K–12 CS education is based on the idea that exposing students to CS earlier than
in college will generate interest in the subject, bring computing ideas to a more diverse audience,
and better prepare students to succeed in college CS courses.

Success in an introductory CS course in college is critical for encouraging students to major in
CS [13]. Past studies have examined predictors of success in introductory college CS courses by
examining factors such as high school performance, SAT scores, and gender [14, 58, 65]. These
studies have generally found that mathematics preparation is a significant predictor of success in
college CS but have found mixed results for the effect of prior CS preparation. Even the importance
of mathematics preparation as a predictor, however, has been questioned by those who argue that
both the content of the mathematics learned and the nature of the college introductory CS course
affect this relationship [10, 49, 62].

The current study addresses the research question: How does high school CS course taking
compare with mathematics course taking as a predictor of college introductory CS course grades?
Understanding how high school mathematics preparation, on the one hand, and CS preparation,
on the other, are related to success in college introductory CS is important. A major goal of the
current expansion of K–12 CS education is to strengthen CS affinity at an early age, to stoke
the pipeline for computing jobs, and to build computational thinking skills that are important
to the performance and persistence in a wide range of learning platforms and careers [7, 18].
Understanding the extent to which high school mathematics and CS experiences are preparing
students for their college CS courses can help educators be more thoughtful about what kinds
of high school CS experiences they are providing and can potentially help high school students
understand how current coursework may help them prepare for college.

2 LITERATURE REVIEW

2.1 Theoretical Framework

The overarching theoretical framework that can help us understand the potentially different effects
of mathematics and CS course taking in high school on students’ college CS performance in the
long-term is the transfer of learning theory [43]. This theory tries to explain how individuals can
apply their prior knowledge to perform (not always successfully) in a task that is contextualized
differently from where they acquired the knowledge [27]. When the two contextual domains are
close to each other, a learner needs to carry out near-transfer in which the learner may directly
apply his/her prior knowledge. When the domains are distant from each other, the learner needs to
achieve far-transfer in which he/she applies abstracted principles across domains. Typically, near-
transfer is easier than far-transfer. The most commonly cited condition that predicts the success

ACM Transactions on Computing Education, Vol. 21, No. 1, Article 6. Publication date: December 2020.



High School Calculus and Computer Science Course Taking as Predictors of Success 6:3

in the transfer of learning is when the commonality or connections between the two tasks are
highlighted and made explicit [36, 48].

The connections between mathematics and computer science run deep, and many consider
the link between the two fields obvious. In fact, scholars are generally in agreement that the
fields themselves are intertwined; that computer science theory is deeply mathematical; and that
mathematical thinking has been advanced through computer science [34]. Historically, many
CS departments in colleges and universities grew out of their mathematics departments, further
linking these two fields. As of 2019, 47 states in the United States allowed computer science
courses to count as mathematics courses [20].

Where scholars disagree is in what this link means for CS education. On one hand, some argue
that a strong foundation in advanced mathematics is necessary for a rigorous study of CS, and that
mathematics courses should be a part of any computing degree program [4]. Many skills learned in
mathematics are important in computer programming, such as fluency with mathematical opera-
tions, an understanding of functions, and the use of variables [8]. More importantly, mathematics
and CS use some similar ways of thinking. Studying mathematics is argued to enhance logical
thinking and problem-solving skills essential to CS. Through mathematics, students also learn to
be precise with symbolic notation and learn methods of proof and reasoning. Finally, the study
of CS goes well beyond programming and progresses into theory, where connections to advanced
mathematical ideas are explicit [8]. De-emphasizing advanced mathematics for CS majors poten-
tially limits students’ advancement in understanding the field and could do students a disservice
[5].

On the other hand, opponents argue that typical advanced mathematics courses are not well-
aligned with a CS program, and that mathematics requirements sometimes present an unnecessary
barrier for students who might otherwise consider a major in CS. In particular, calculus is uncon-
nected to concepts CS majors encounter in their beginning courses (and even subsequent ones),
yet most of the top CS programs required students to take calculus [5]. Instead of a calculus re-
quirement, many educators advocate for courses in discrete mathematics and point to a need for
a greater emphasis on problem-solving [5, 49, 50].

By comparison, high school CS courses may shine in respect to contextualization. The concrete
knowledge acquired in CS courses is expected to be directly applicable in coding and in the oper-
ation of computer systems, and the abstract skills are expected to be contextualized in the subject
of CS. For example, training in computational thinking skills may build learner’s problem-solving
skills that are usually explicitly connected to computing [32]. Therefore, transfer of learning to
college CS from high school CS should be considered nearer than the transfer from high school
calculus. Furthermore, considering the increasing popularity of introductory CS courses and CS
courses for non-majors, it is possible that high school mathematics is not as relevant for success
in these courses as it was once thought to be.

It is noteworthy that cognitive skills (e.g., concrete or abstract knowledge) may not be the only
channel for prior experience to support future performance. Researchers in self-efficacy theory
have shown that the motivational system, such as self-efficacy beliefs, is equally, if not more,
important in CS learning [12, 15]. An integral part of CS tasks is trial and error or debugging,
which can quickly discourage a student who does not have an established self-efficacy belief in
CS [43]. High school CS courses, especially the advanced-level courses, may help students de-
velop the self-efficacy or at least desensitize them to the dreadful process of debugging. In the
meantime, some college students may be intimidated by CS because it is mathematics-heavy.
These students may benefit from high school mathematics to develop affinity and self-efficacy in
mathematics.
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2.2 Prior Findings about High School Preparation as Predictor of

Success in College CS

Many studies have examined various predictors of performance in introductory college CS.
The most commonly examined variables have been socioeconomic status [45], self-efficacy
[11, 30], and cognitive skills such as abstraction ability, learning style, and spatial skills (e.g.,
References [10, 21, 64]). Almost every study that has examined predictors of success in college CS
has used some measures of mathematical ability, some of which come from the high school years.
These measures include standardized exam (i.e., SAT or ACT) scores in mathematics, number
of high school mathematics courses, grades in high school mathematics courses, performance
in other college mathematics courses, and diagnostic tests of algebra or problem-solving. Fewer
studies have examined previous CS experiences, which include previous programming experience
and CS courses taken in high school, as well as other high school coursework.

2.2.1 Mathematics Preparation. As mentioned above, most studies have found a positive rela-
tionship between mathematics preparation and success in introductory CS. For example, Reilly,
Tomai, and Grabowski [52] examined records of 558 students over 4.5 years and found that stu-
dents who have already taken calculus when they take introductory CS are more likely to pass
the course and to receive A’s and B’s than those who have not completed the prerequisites for
taking calculus. Fan and Li [57] surveyed 940 students from five schools in Taiwan and found that
high school and college mathematics grades are positively associated with introductory college
CS grades, although they also found that the relationship between mathematics entrance exam
scores and CS grades is not statistically significant. White and Sivitanides [26] used records from
837 students over three years and found that college mathematics course performance is positively
correlated with CS grades, even for a visual programming course.

Very few studies have found that mathematics is not a significant predictor of college introduc-
tory CS performance. Ventura [62] collected data from 498 students in an objects-first course. He
found that the effect of mathematics is negligible, especially compared with factors such as effort
(measured by lab participation) and comfort level. He notes that the number of high school math-
ematics courses was uncorrelated with CS course performance, and that SAT mathematics scores
accounted for only 7% of the variance in course averages. Golding and McNamarah [28] also found
that taking mathematics O and A level courses did not predict overall success among 96 students
in a CS program (not just an introductory course) in Jamaica. They likewise cite a low R2 value
of 8%. Finally, Rauchas et al. [51] found from surveying 107 students in South Africa that, while
mathematics is correlated with performance in introductory CS courses, English scores showed a
higher correlation. While not denying the relevance of mathematics to learning CS, they suggest
that language ability may be a better predictor.

2.2.2 CS Preparation. Several studies have specifically examined high school CS experiences,
but the results here are more mixed. While they do not examine performance in college courses,
Armoni and Gal-Ezer [3] found that students with more high school CS coursework are more likely
to pursue computing in college than are students with fewer high school CS courses. In a study
of 67 four-year higher education institutions, the College Board reported that “17.9 percent of AP
computer science students majored in computer and information sciences, compared to 2.3 percent
of the total sample” [22].

Numerous studies have found that prior computing experience contributed to success in college
CS courses [26–30], especially for female students. Holden and Weeden [31] found for 159 college
students that, while prior programming experience predicts performance in an introductory CS
class, it fails to predict performance in subsequent CS classes. In a recent study, Chen et al. [16]
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found that learning a textual language, such as Java (the primary programming language used in
AP CS), before college is equally beneficial to college CS grades as is learning a graphic language,
such as Scratch, that is not as coding heavy. Chen et al. [17] further showed that students who
took a CS course in high school performed better in college CS than those who did not study
any programming language, but did not perform better than students who self-learned CS out
of school—known as “cowboy and cowgirl” programming, according to Kölling [42]. Numerous
studies have shown a positive association between AP course taking and college grades in specific
subjects [35, 37, 38]. No one, to the best of our knowledge, has examined the relationship between
AP CS and college CS grades.

2.2.3 Comparing Mathematics and CS Preparation. Only a few studies compared mathemat-
ics and CS course taking. In general, these studies showed that mathematics preparation is the
stronger predictor of college introductory CS performance. The studies differ, however, on whether
CS preparation is a statistically significant predictor at all. Butcher and Muth [4] examined 269
first-semester freshmen at a single institution and found that the number of high school mathe-
matics courses was associated with their performance in college, whereas being exposed to high
school CS courses was not. Cantwell-Wilson and Shrock’s [65] study of 105 students examined
12 factors, including previous programming experience and mathematics background. They found
that the strongest predictors of success in introductory CS were comfort level in that course and
high school mathematics background, measured by the number of high school courses taken. They
also found that having prior CS experience in general was not a significant predictor, whereas tak-
ing a prior programming course had a positive and significant effect, which was, however, smaller
than that of mathematics background. Schollmeyer [55] noted that high school CS courses can
help but suggested, based on observation and student interviews, that, instead of focusing on pro-
gramming, high school courses should emphasize problem-solving that makes use of mathematics
skills. Beaubouef and Mason [9] argued that high school students are often encouraged to pursue
a computer science degree in college because they did well using a word processor or web browser
in high school computer courses, not realizing the amount of mathematics skills necessary for col-
lege computer science. To quote from Beaubouef [8] (p. 57), “despite of having taught computer
science courses at all levels for several years, I am still amazed, and perhaps appalled, by comments
and questions I get from students, questions such as ‘Will we have to do any math on the test?’ or
‘I can’t read the textbook. It’s like reading a math book and everyone knows that you can’t read a
math book.’ These students, unfortunately, do not remain computer science majors for long.”

2.3 Missing Pieces in the Literature

Almost all the studies cited above were conducted with a relatively small number of students
within a single institution, limiting their generalizability. Prior studies also adopt a correlational
analysis method, ignoring the self-selection bias built into the high school course taking process.
For example, the privileged segment of the population may have easier access to advanced courses
and CS courses than may the unprivileged population. Some students, especially those from un-
privileged population and who go to underfunded public schools may have limited or no options in
this respect. Direct comparisons between those who took a course with those who did not take the
course thus may be confounded by such a self-selection bias. In addition, many of the studies are
also a few decades old, during which time the nature of CS education at both the K–12 and under-
graduate levels has changed dramatically. Since AP computer science shifted to the Java language
(from C++) in 2004, there has not been a study that compares this advanced high school com-
puter science course against an advanced mathematics course, such as AP calculus. Moreover, we
have been unable to find any study that examined the potential—additive or non-additive—effect
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of enrollment in both advanced or regular mathematics and CS courses while in high school. We
address some of these lacunae in the literature through this study.

3 RESEARCH QUESTION AND HYPOTHESES

Using data from a large-scale survey administered to about 10,000 CS students in 118 institutions
across the U.S. in 2014, the current study contributes to the CS education literature by addressing
the research question: How does high school CS course taking compare with calculus course taking
as a long-term predictor of college introductory CS course grades?

Specifically, we examined (1) the effects of course taking in calculus and CS, differentiating
between course types (AP, regular, and none); (2) the interaction effect between CS and calculus
course taking (for potential additive or synergistic effects); (3) and the above effects before and
after accounting for students’ background information.

Based on the above-mentioned literature, we hypothesize that, before accounting for back-
ground information, taking AP courses will have a stronger effect than taking regular courses,
which will have a stronger effect than taking no courses. The transfer of learning theory would
expect that a high school CS course provides a nearer transfer than a high school calculus course
onto college CS performance. Accordingly, we hypothesize that high school CS course taking will
be a stronger predictor of success in college introductory CS than will high school calculus course
taking. It is noteworthy, however, that our literature review showed some studies found that high
school calculus was the primary determinant of college CS success. Therefore, if these findings
hold true on the larger scale, we may find high school calculus to be more important than high
school CS for students’ performance in introductory college CS.

Our literature review does not suggest a hypothesis about course taking effects after accounting
for background information. Regarding the additive effect of having taken both a calculus course
and a CS course in high school, if they built different skills that contribute to long-term success in
college computer science, we are likely to detect an additive effect. Otherwise, if the two courses
built common skills, we are not likely to detect an additive effect, which should manifest as a
negative interaction effect between course taking in high school calculus and CS.

When comparing between students enrolled in different high school courses, one should take
into account that students in different courses usually have very different background character-
istics. For example, as observed by Orban [44], some students took CS in high school just to avoid
mathematics, especially since the sudden increase in 2014 of the number of states that allowed
CS courses to count towards mathematics credit. This suggests that the common observation of
the advantage of advanced mathematics preparation over CS preparation, as seen from the per-
spective of a college teacher, may be confounded by students’ general academic or math aptitude
or other background factors. This called for the application of techniques of matching or weight-
ing for background information, which has commonly been used in the evaluation studies of AP
programs [23, 35, 63].

4 METHODS

4.1 Survey

The survey, Factors Influencing College Success in Information Technology (FICSIT), consists of 50
questions that ask about students’ demographic and background information, high school courses
taken and grades received, earlier experiences with computers (such as when and how they were
introduced to CS, the number of years of programming experience they have, and how often they
used computers in high school), the organization and structure of their most advanced high school
CS class (including types of classroom activities and how they would rate their teacher), personal
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thoughts and feelings about CS, and future career plans. The retrospective survey was admin-
istered in the fall of 2014 to students early in their introductory-level university CS course. At
the end of the semester, college course instructors reported the students’ final grade. This study
received IRB approval from the Committee on the Use of Human Subjects at Harvard University.
The survey has been modified based on pilot testing, and its validity and test-retest reliability have
been established.

4.2 Sampling Frame

We used a random selection procedure, stratified based on school type and school size. For our
sample, the distinction between two-year and four-year institutions served as the first stratifica-
tion criterion. Each of the two institutional types was further stratified by the size of the insti-
tution (small, medium, and large). We obtained 2012 enrollment numbers for American two- and
four-year institutions from the Integrated Postsecondary Education Data System (IPEDS) website.
The IPEDS dataset comprised 5,480 institutions, among them 2,340 two-year and 3,140 four-year
schools. Subtracting schools that showed zero enrollment, we were left with 2,268 two-year and
2,747 four-year institutions. For an indicator of an institution’s undergraduate enrollment size, we
added its full-time undergraduates and its part-time undergraduates, weighted by 0.5. The weight-
ing was chosen to reflect the lower overall participation rate in instruction of part-time students
during a given semester. About two thirds (64.4%) of the total undergraduate enrollment was at
four-year institutions; the remainder, at two-year institutions. To create the small, medium, and
large bins within each institutional type, it was determined that roughly a third of the national
undergraduate population at two-year institutions attended schools that had fewer than 4,600 un-
dergraduates (these were termed “small” institutions), another third attended schools that had
between 4,600 and 10,600 undergraduates (“medium”), and the final third attended schools with
more than 10,600 undergraduates (“large”). For the four-year institutions, the corresponding cut-
offs were 5,700 and 17,800. Finally, we dropped from the small bins 1,094 two-year institutions and
804 four-year institutions with an enrollment below 500. We thus ended up with six bins stratified
by type and size that contained 816 small two-year schools, 253 medium two-year schools, and
107 large two-year schools, 1,506 small four-year schools, 314 medium four-year schools, and 121
large four-year schools.

After each of the six bins was randomized, we went down the six lists, reaching out to the
instructors who taught introduction to computer sciences in the colleges. Instructors willing to
participate received paper surveys for their students and administered them at the beginning of
the fall 2014 semester during class, ensuring very high student participation rates. At the end
of the semester, the instructor added the student’s final grade to the questionnaire, tore off the
cover sheet with the student’s name to ensure anonymity, and returned the questionnaires to
us for analysis. Table 1 presents, within each bin, the number of schools contacted, agreed to
participate, and actually participated, and the number of instructors and student questionnaires
returned. Of the 15 small two-year schools agreeing to participate, 8 did, with 8 instructors and
329 students. Of the 7 medium two-year schools agreeing to participate, all did, with 7 instructors
and 325 students. The corresponding numbers for the large two-year schools were: 8 agreeing to
participate, 8 participating, 24 instructors, and 776 students. Small four-year schools: 56 schools
agreeing to participate, 49 schools participating, 49 instructors, 1,857 students; medium four-year
schools: 36 agreeing to participate, 32 participating, 51 instructors, 4,781 students; large four-year
schools: 16 agreeing to participate, 14 participating, 20 instructors, 2,131 students.

As a rough proxy for the CS enrollment in each of the bins, we calculated the number of BA
and AA degrees awarded in “Computer and Information Sciences, General” (CIP 11.0101) in each
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Table 1. The Sampling Frame Indicating the Number of Schools, Instructors, and Returned Student

Questionnaires for Each Type of College

Bins (college
types)

N of schools
contacted

N of schools
agreeing to
participate

N of schools
with actual

returns
N of instructors
in those schools

N of returned
student

questionnaires

2-year small 100 15 8 8 330

2-year middle 102 7 7 10 327

2-year large 77 8 8 24 776

4-year small 405 56 49 49 1,858

4-year middle 289 36 32 51 4,781

4-year large 107 16 14 20 2,131

Total 1,080 138 118 162 10,203

bin, from the IPEDS Completion Survey (accessed through WebCaspar). Comparing our sample to
the target proportions in the bins, we found a relatively good match in terms of school type and
school size. The one bin that was overrepresented in our sample was the medium four-year school
bin, with all other bins being slightly underrepresented.

4.3 Sample

Starting with 10,197 responses, the following selection criteria were applied to obtain a final sample
of 9,418 students. First, students were omitted if they provided no information on any of 20 ques-
tions asking about high school mathematics or computer course taking and also if they failed to
respond to other key demographic questions throughout the survey, including information about
gender, race, and whether the student attended high school in the U.S. The sample was further
restricted according to the following two criteria: First, the sample was restricted to current un-
dergraduate students, excluding any graduate students, current high school students, or other stu-
dents in the college introductory CS course. Second, students were excluded if it had been more
than five years since they had graduated from high school, with the rationale that their reporting
of high school information is likely less reliable, and that their high school course taking pattern
is likely to be less relevant to their performance in the college course. Table 2 shows background
information of the students in the sample.

4.4 Outcome

Students’ final grades in the college introductory computer science courses (college CS grade) were
submitted by the instructors. Numerical grades on a 100-point system were used. If these grades
were not available, letter grades were converted to numerical grades (A=96.3, A-=91.5, B+=88.5,
B=85, . . . , F=40; Pass=83). The average grade was 84.9, with a standard deviation of 11.6.

4.5 Key Predictors

There were two key predictors in our models: the most advanced level of computer science courses
(CS course) and the most advanced level of calculus courses (calculus course) that the participants
reported to have taken in high school. Each predictor had three values: none, regular, and AP. If a
participant did not take any course in a subject, the value was “none”; if a participant took regular,
honors, or IB courses but did not take an AP course in the subject, the value was “regular” (thus,
“regular” included regular, honors, and IB, and basically served as a residual category indicating
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Table 2. Participants’ Background Information

Variable Percentage Variable Percentage

Gender Race

Male 73.1% White 52.4%

Female 26.9% Black 6.7%

CS course taken Hispanic 13.2%

AP 9.1% Asian 20.9%

Regular (incl. Honor and IB) 17.5% Born in the U.S. 81.6%

None 73.4% Parents’ jobs relate to CS 26.1%

Calculus course taken Parents support math learninga 66.7%

AP 38.5% English is first language 75.6%

Regular (incl. Honor and IB) 14.4%

None 47.1%

aParents-support-math-learning was a Likert scale with 0 = very unsupportive and 5 = very supportive. 66.7%

reported 3 or above.

all “non-AP” courses); if a participant took an AP course in a subject, the value was “AP.” If a
participant took both regular and AP courses in a subject, the value was set to “AP,” because AP
was the most advanced-level course reported. Both AP Calculus AB and AP Calculus BC were
included in our category of AP Calculus. Because the new AP Computer Science Principles course
was not available to our cohort yet, our category of AP CS contains only AP Computer Science
A. We also included interaction effects between CS and calculus courses to estimate the effect of
taking both calculus and CS in high school.

Further, we included the grades that the participants received in each of the courses (“A+” =
4.33, “A” = 4, “A-” = 3.67, . . . , “Pass” = 2.8, “F” = 0). For those who took multiple regular courses
in a subject (i.e., someone might take both regular and honors mathematics), we used the average
score of the course grades. Participants who did not enroll in a course would, of course, not have
any grade in the course. Therefore, the effect of course grade was only applicable to those who
had taken a specific course. This data structure can be modeled by including an interaction effect
between the course taken and the course grade (i.e., CS-AP × CS-AP-Grade) while excluding the
main effect of course grade (see example in Reference [56]). In this specification, when a course
was taken (i.e., CS-AP = 1), the interaction term became the grade (i.e., CS-AP × CS-AP-Grade =
CS-AP-Grade); when a course was not taken (i.e., CS-AP = 0), the interaction term became zero
and the parameter for grade would not be estimated.

4.6 Covariates

Our questionnaire collected a list of covariates, including gender (male, female), race/ethnicity
(White, Black, Asian, Hispanic, or other race), parental education (did not finish high school, high
school, some college, four years of college, graduate school), born in the U.S. (yes, no), first language
was English (yes, no), public high school (yes, no), any parent’s job related to computer science (yes,
no), parents supported the learning of mathematics (Likert scale: 0 = very unsupportive; 5 = very
supportive). According to the literature, these covariates might influence students’ decisions about
high school calculus and CS course enrollment. The gender, race, and SES disparity in CS affinity,
persistence, and achievement has been well documented in the literature [40, 45, 54]. Prior research
also showed that the decision-making process in the pursuit of STEM interest is very different for
immigrant and non-immigrant students [2]. Students who went to public schools were less likely
than those who went to private schools to have access to advanced CS courses [29]. Students
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Table 3. Comparison of Background Information among High School Computer Science and

Calculus Course Taking Groups

No CS Regular CS AP CS

No
Calc

Regular
Calc

AP
Calc

No
Calc

Regular
Calc

AP
Calc

No
Calc

Regular
Calc

AP
Calc

N 4,143 962 2,602 877 347 422 207 44 599

Male 75% 72% 68% 78% 68% 75% 88% 74% 75%

Born in the U.S. 75% 67% 81% 78% 54% 79% 79% 75% 74%

Parents’ jobs relate to CS 19% 22% 26% 27% 24% 35% 31% 34% 34%

English is first language 70% 66% 72% 75% 56% 70% 69% 70% 67%

Went to public high
school

78% 68% 78% 84% 69% 72% 78% 68% 76%

Asian 18% 28% 32% 15% 33% 35% 22% 23% 42%

Hispanic 15% 10% 12% 13% 7% 9% 17% 11% 6%

Black 11% 8% 5% 11% 11% 4% 9% 14% 5%

White 59% 54% 59% 62% 44% 55% 60% 59% 48%

Father’s educationa 2.22
(1.27)

2.68
(1.23)

2.88
(1.23)

2.25
(1.23)

2.43
(1.30)

2.92
(1.17)

2.42
(1.19)

2.67
(1.24)

3.13
(1.11)

Mother’s educationa 2.22
(1.20)

2.61
(1.16)

2.75
(1.16)

2.31
(1.17)

2.46
(1.21)

2.86
(1.08)

2.41
(1.10)

2.35
(1.31)

2.96
(1.09)

Parents support math
learningb

2.90
(1.80)

2.96
(1.72)

3.09
(1.60)

3.32
(1.69)

3.37
(1.72)

3.65
(1.51)

3.78
(1.58)

4.00
(1.57)

3.87
(1.46)

High school English
gradec

3.46
(0.72)

3.68
(0.56)

3.78
(0.49)

3.46
(0.69)

3.62
(0.63)

3.75
(0.48)

3.58
(0.58)

3.67
(0.55)

3.70
(0.59)

aParental education predictors were coded as 0 = below high school, 1 = high school, 2 = 2-yr college or associate

degree, 3 = 4-yr college, 4 = graduate school.
bParents support math learning was a 0–5 Likert scale variable (0=very unsupportive, 5=very supportive).
cHigh school English grade was coded as A+ = 4.33, A = 4, A- = 3.67 . . . F = 0.

with stronger mathematics or CS affinity or self-efficacy might be more interested in enrolling in
advanced calculus or CS courses in high school [6, 39, 46, 59]. However, to be able to argue that
affinity or efficacy measures influenced students course selection in high school, these measures
would have to refer to a time before the high school course selection, such as the beginning of high
school. In this retrospective study, it would have been problematic to have students accurately
recall their mindset three or more years ago. Instead, we asked if students’ parents’ jobs were
related to computer science and if their parents supported their learning of mathematics, with
the assumption that parental support in a specific subject may be strongly correlated to students’
affinity and self-efficacy in the subject [1, 24, 60, 61]. We will discuss the limitation of this strategy
further in the Limitations section of the article.

The grade students received in their last high school English course was also included as a
covariate (“A+” = 4.33, “A” = 4, “A-” = 3.67, . . . , “Pass” = 2.8, “F” = 0). While not all students took
advanced mathematics courses or computing courses in high school, all students took an English
course, so this variable served as a proxy for general high school performance.

Table 3 shows the summary statistics for background variables by course taking groups. Most
noticeably, students who took AP calculus consistently had higher levels of parental education
and better high school English grades. Such differences between groups indicated a potential
self-selection bias. This further motivates the use of regression and propensity techniques to
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disentangle the effects of different levels of course taking from parental education and other
confounding variables.

4.7 Analytic Models

We built a sequence of regression models to predict the final grade in college introductory CS
courses, using our key predictors (high school CS and calculus courses and the interaction effects
between these courses). We first built models (M1.1 and M1.2) without interaction terms that show
the (non)additive effect of enrollment in both CS and calculus courses, without controlling for any
covariates. Next, we built models that included the interaction effects, again without controlling
for covariates (M2.1 and M2.2). The M1s and M2s presented the observed differences in final grade
between the course taking groups, as they would appear, for instance, to college computer sci-
ence professors taking a quick survey of their students, either considering or not considering the
interaction effects.

Note that it is impossible to fully compensate for a potential self-selection bias, such as the
one mentioned above, by controlling for background variables in a multiple regression. A more
robust approach would be applying multinomial propensity score weighting (see example in Ref-
erence [19]). Hence, we used multinomial propensity weighting to balance the covariates between
groups. Afterwards, we built multiple regression models M3.1 and M3.2. Only significant inter-
action effects were kept in the final models. In models M1.2, M2.2, and M3.2, we added the high
school course grade, which was absent from the counterpart models (M1.1, M2.1, and M3.1). Be-
cause students were nested in universities, we ran multi-level regression models to account for
variation between universities. However, the intraclass correlations were between 0.01 and 0.03,
indicating that very little variation was explained by university clustering. In addition, the multi-
level model yielded nearly identical parameter estimations for the key predictors. Therefore, we
report flat models in this article.

5 RESULTS

The final models are presented in Table 4. We focus our report on four models: M1.1, M2.1, M3.1,
and M3.2. Although M1.1 and M2.1 did not control for any covariates, we still deemed them valu-
able, because these models reflected the surface group differences, as immediately observed by
college computer science teachers and other stakeholders. However, if one wishes to obtain a more
precise estimate of the effect on college computer science performance of taking one of the high
school courses, M3.1 should be used. Furthermore, we used M3.2 to equate each of the non-CS-AP
groups with the CS-AP group at specific CS-AP grades.

According to M1.1, a surface model without interaction terms between high school CS and
calculus course taking, AP CS and regular CS did not significantly predict college CS final grades.
AP calculus and regular calculus were significant and positive predictors, and the effect size (on
the 100-point scale) of AP calculus (β = 4.96) was 1.76 times that of regular calculus (β = 2.81)
and 6.70 times that of AP CS (β = 0.74). A post hoc test showed that the difference between the
effect of AP CS and AP calculus was statistically significant (p < 0.001).

Next, we consider M2.1, a surface model that included interaction terms for enrolling in both
high school CS and calculus courses. Based on this model, high school AP CS, AP calculus, and
regular calculus had significant and positive effects on college CS grade, whereas high school
regular CS had no significant effect. In the absence of interaction effect (either CS course = 0 or
calculus course = 0), the effect size (on the 100-point scale) of AP CS (β = 2.60) was similar to that
of regular calculus (β = 2.82), but only about half the effect size of AP calculus (β = 5.19). A post
hoc test showed that the difference between the effect of AP CS and AP calculus was statistically
significant (p < 0.001).
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Table 4. Models Predicting Final Grades in College Introductory to Computer Sciences

M1.1a M1.2 M2.1 M2.2 M3.1 M3.2

β s.e. β s.e. β s.e. β s.e. β s.e. β s.e.

Intercept 82.14 0.21*** 82.22 0.21*** 82.06 0.21*** 82.14 0.21*** 81.57 0.74*** 82.58 0.75***

CS courses (vs. no CS course)

regular CS 0.32 0.39 0.70 0.40 0.33 0.39 0.71 0.40 0.50 0.32 0.90 0.33**

AP CS 0.74 0.52 0.73 0.53 2.60 0.91** 2.89 0.95** 3.12 0.54*** 3.31 0.44***

Calculus courses (vs. no calculus course)

Regular Calculus 2.81 0.43*** 3.01 0.45*** 2.82 0.43*** 3.02 0.45*** 1.64 0.76*** 1.64 0.40***

AP Calculus 4.96 0.31*** 4.71 0.32*** 5.19 0.33*** 4.95 0.33*** 2.98 0.72*** 2.87 0.39***

Interaction effect

AP CS × AP Calculus −2.76 1.11* −3.17 1.15** −3.44 0.72*** −4.35 0.75***

AP CS × Regular Calculus −1.53 0.76* −0.49 0.79

Control variables

Gender (male vs. female) −1.94 0.32*** −2.22 0.32**

Born in the U.S. −1.11 0.42* −0.27 0.43

Parents’ jobs relate to CS −0.65 0.33* −0.04 0.33

Parents support math learningb 0.51 0.09*** 0.26 0.09***

English is first language 1.12 0.42** 1.11 0.42**

Father educationc 0.81 0.14*** 0.66 0.15***

Mother education −0.07 0.15 −0.21 0.15

Asian vs. White 0.37 0.37 0.24 0.37

Hispanic vs. White −0.33 0.46 0.14 0.47

Black vs. White −5.45 0.51*** −4.71 0.50***

Went to public high school −0.32 0.34 −0.10 0.35

High school English graded 2.40 0.16*** 1.59 0.17***

Course grade (if the course was taken)e

AP CS 1.40 0.50** 1.67 0.51** 2.87 0.23***

Regular CS 2.83 0.36*** 2.81 0.36*** 1.64 0.26***

AP Calculus 2.36 0.24*** 2.35 0.24*** 1.25 0.21***

Regular Calculus 3.35 0.38*** 3.36 0.38*** 1.91 0.25***

aM1s are models without any control variable or interaction effect; M2s include interaction effect based on M1s;

M3s are models applied with multinomial propensity score weighting. *p < 0.05, **p < 0.01, ***p < 0.001 after

Bonferroni adjustment for multiple comparison among courses.
bParents support math learning was a Likert scale variable (0=very unsupportive, 5=very supportive); it was

standardized and centered at zero.
cParental education predictors were coded as 0 = below high school, 1 = high school, 2 = 2-yr college or associate

degree, 3 = 4-yr college, 4 = graduate school.
dHigh school English grade was standardized and centered at zero.
eCourse grades were standardized and centered at zero. Each course grade in this model was equivalent to inter-

action effect between a course and its grade.

There was an interaction effect between AP CS and AP calculus. The sign of the interaction
effect was negative, and the magnitude of the effect was similar to the main effect of AP CS. This
interaction effect showed that, if a student took both AP CS and AP calculus, the effects of the
two courses did not add up; instead, the student would be expected to achieve a similar college CS
grade to those who only took AP calculus.

A comparison of the effects of each of the course taking combinations, before controlling for
covariates (according to M2.1) is shown in Figure 1. The x-axis is type of high school CS course;
the colors indicate the various high school calculus course types. For each calculus course type,
we see that Regular CS was not different from no-CS. We also see that AP CS was higher than
Regular CS or no-CS, except for those who took AP calculus. Those who took AP calculus ranked
in the top tier of expected college CS grades (between 86 and 88 grade points), regardless of their
high school CS course enrollment. A combination of AP CS and regular calculus could also propel
the predicted college CS grade to the first tier. However, the predicted college CS grade for those
who took high school AP CS, but did not take any calculus, ranked in the second tier (between 84
and 86), about 2 points below the first tier.
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Fig. 1. Predicted college CS final grade by different high school course taking groups, based on M2.1.

After applying multinomial propensity score weighting and controlling for the covariates in
M3.1, the effects of AP CS and AP calculus became similar to each other. According to M3.1, the
effect size (on the 100-point scale) of AP CS (β = 3.12) was not significantly different from that of
AP calculus (β = 2.98). M3.1 also found that regular CS did not have a significant effect, and that
regular calculus had a significant positive effect, which was, however, smaller than those of AP CS
and AP calculus (p < 0.01 in post hoc tests). In addition, M3.1 yielded a significant and negative
interaction effect between AP CS and AP calculus. M3.1 also found a negative interaction effect
between AP CS and regular calculus. These interaction effects removed the potential cumulative
effects of dual enrollment. In Figure 2, we graphed college CS grade by each group. Different from
Figure 1, Figure 2 shows that AP CS and AP calculus had nearly identical effects. Students who
took either one of the two courses in high school were predicted to attain the first-tier grade in
college CS. Similar to Figure 1, Figure 2 showed that students who took an additional course on
top of AP CS or AP calculus were predicted to receive no additional benefits.

5.1 Course Grade

Including the course grade into the model allowed us to estimate the grade in a calculus course one
needed to achieve to compensate the lack of AP CS, or conversely, the grade in an AP CS course
one needed to achieve to compensate the lack of regular calculus or AP calculus.
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Fig. 2. Predicted college CS final grade by different high school course taking groups, based on M3.1.

First, focusing on M1.2 or M2.2 (the model without any controls), because taking regular calculus
had nearly the same effect (higher by 0.13 points and not significantly different) as taking AP
CS, students who took regular calculus (no CS) and achieved an average grade in that course
were expected to receive a similar college CS grade as were students who took, and received an
average grade in, high school AP CS. Because taking AP calculus had a larger effect (by 2.06 points)
than taking AP CS, students who took AP calculus (no CS) and received grade B, 0.88 SD below
the average, were still expected to achieve a similar college CS grade as students who took, and
received an average grade (A-) in, high school AP CS. Conversely, students who took AP CS but
did not take any calculus needed to achieve 1.23 SD (A+) above the average grade in AP CS to
achieve the same college CS grade as students who took and received an average grade (A-) in, AP
calculus. In short, this analysis suggested that students who took AP calculus had an advantage
over those who took AP CS.

Second, focusing on M3.2 (the model with propensity score weighting), we found a result that
was markedly different and even reverse from that of the model without any controls (M1.2).
Students who took AP calculus (no CS) and achieved grade A, 0.8 SD above the average grade, in
that course were expected to receive a similar college CS grade as students who took, and received
only an average grade (A-) in high school AP CS. To reach similar college grades as the average
former AP CS student, students who only took regular calculus needed, on average, to achieve
even an A+, 1 SD above the average regular calculus grades.
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Conversely, students who took AP CS but did not take any calculus could achieve A-/B+, 0.17
SD below the average grade, in AP CS and would still be expected to achieve the same college
CS grade as students who took, and received an average grade (A-) in, AP calculus. Furthermore,
they could earn grade B+, 0.6 SD below the average grade, in AP CS to achieve the same grade as
those who took and received an average grade (A-) in, regular calculus. In short, the analysis after
applying propensity score weighting suggested that students who took AP CS had a considerable
advantage over students who only took regular calculus and a slight advantage over students who
only took AP calculus.

Finally, it is noteworthy that, according to the model with propensity score weighting (M3.2),
the final grade in college CS appeared to be more sensitive to AP CS grades than to other course
grades. One standard deviation increase in AP CS was associated with 3.00 points increase in
college CS grades, whereas the effect sizes for other courses ranged between 1.25 to 1.88 points (in
all courses, 1 standard deviation was about 1 letter grade).

6 DISCUSSION

To summarize, we have five major findings:

Finding 1. When we conducted a raw comparison without accounting for background variables,
AP calculus appeared to provide a considerable advantage over AP CS in terms of college CS
achievement. Students who only took AP CS needed to achieve top grades in AP CS to compensate
the lack of AP calculus.

Finding 2. However, this advantage was confounded by students’ background characteristics—
most noticeably parental education. After compensating for these, either by regression controls
or propensity weighting, we found that the taking of AP CS and AP calculus had similar positive
effects on students’ college CS grades, on average.

Finding 3. Taking both AP CS and AP calculus did not provide an additional advantage.
Finding 4. All models showed that a regular CS course did not have a significant effect on college

CS grades.
Finding 5. A regular calculus course had a significant positive effect on college CS grades. Ac-

cording to the propensity score weighting model, this effect was about half the size of the effect
of AP CS. Students who only took regular calculus needed achieve top grades in that course to
compensate the lack of AP CS.

Finding 1, based on a raw comparison, supports the observation from the perspective of college
CS teachers and stakeholders that, in general, prior mathematics preparation is a stronger predictor
of success in introductory college CS than is prior CS preparation (e.g., References [14, 65]). Based
on this observation, a college CS teacher may over-simplistically advise a high school student to
take AP calculus only, and that then it would not matter whether any CS course is taken, or not.
If a high school student has his/her mind set on AP CS and he/she wanted to condense Finding 1
of this study to optimally prepare them for success in introductory college CS, then they would
follow this advice: If you are able to, take AP calculus, and then it does not matter whether you
take any CS course, or not. If you have your mind set on an AP CS course, you additionally should
take at least regular calculus (or AP calculus).

However, Finding 2 revealed that the advantage of taking AP calculus over AP CS was largely
confounded by background characteristics, such as parental education and general academic capa-
bility (using high school English grade as a proxy). After controlling or balancing these confound-
ing variables, we estimated the effect of taking AP calculus to be not significantly different from
that of taking AP CS. In fact, according to the model with propensity score weighting, the point
estimate for those who took AP CS was higher than those who took AP calculus (not statistically
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significant). After reducing the selection bias, more pertinent advice to a high school student who
wishes to prepare for success in college CS is that taking either AP CS or AP calculus would be
equally beneficial to college CS achievement.

Regarding educational policy, an increasing number of states in the United States have allowed
CS courses to count as mathematics courses (10 states in 2010 and 47 states in 2019) [20]. This
trend has raised concerns for different stakeholders. For example, the National Council of Teachers
of Mathematics [41] reacted by demanding that only courses that explicitly teach mathematics
should be counted as mathematics. The Council stated that “a computer science course should be
considered as a substitute for a mathematics course graduation requirement only if the substitution
does not interfere with a student’s ability to complete core readiness requirements in mathematics”
(p. 1). Our findings, in response to this debate, suggest that, if a student wishes to excel in college
computer science, taking AP CS in place of mathematics classes may not be a bad idea. However,
we do not know if by taking only AP CS they may miss the chance to learn other important skills
that are only offered by traditional calculus (or other mathematics) classes. Conversely, for students
who do not have access to AP CS courses in high school, taking AP calculus is expected to bring
them to equivalent grades in college introduction to CS, compared with those who took AP CS.

Our data cannot fully explain the cause behind the effectiveness of AP CS and AP calculus. How-
ever, we can discuss how our results can be interpreted through the lens of the transfer of learning
theory. According to the transfer of learning theory, if learners acquired similar transferable skills
from AP CS and AP calculus, learners would have an equivalent single route to college CS suc-
cess, regardless of which of the two high school courses they started off with. This single-route
hypothesis posits that both AP CS and AP calculus introduce students to similar skills (or general
STEM self-efficacy)—such as problem-solving, computational or algorithmic thinking skills—that
are proven to be the cornerstones for long-term success in computer science [16, 18, 33]. Alter-
natively, if learners acquired distinct transferable skills from the two courses, they should be able
to achieve college CS success on a dual route pathway. This dual-route hypothesis posits that AP
CS and AP calculus provide unique routes to students’ success in college CS. For example, AP CS
may have emphasized technical coding skills or computational thinking skills, whereas AP calcu-
lus may have built a solid mathematics foundation. According to the dual-route model, the two
distinct skills should then add up and bring about additional advantages to students who took both
AP CS and AP calculus. However, this prediction was contradicted by our Finding 3—the two AP
courses did not add up, and taking both did not provide any advantage over taking either one.
Therefore, our findings were in favor of the single-route model. We should also note that, given
expected final grades in the high 80s, the assumption of a general ceiling effect would not be able
to explain the lack of a cumulative relationship.

To some stakeholders, Finding 3 and its implication for a single-route hypothesis may send
an interesting and perhaps counterintuitive message that, for the long-term achievement in CS,
enrollment in both AP calculus and AP CS appeared redundant. In 1975, mathematician Garrett
Birkhoff [25] proclaimed in American Scientist that “it is the skillful combination of mathematics
and computer science—or more properly of individuals who understand both and can coordinate
them—that holds the greatest promise for the future.” However, the lack of a cumulative effect of
enrollment in AP CS and AP calculus suggested that the two AP courses are not yet coordinated
in an optimal approach to produce a superior outcome (at least in terms of introductory CS) than
that of single AP course enrollment.

Finding 4 showed consistently across different model specifications that taking regular CS in
high school was not effective in enhancing college CS performance. A possible explanation for
this finding is that regular CS may have emphasized factual knowledge (such as the historical con-
text and development of CS) or point-and-click skills (such as text editing) that do not directly
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prepare for the skills that are essential for college CS (such as problem-solving and computa-
tional/algorithmic thinking skills).

Finding 5 showed a relatively small but statistically significant positive effect of regular calcu-
lus. A possible explanation was that regular calculus prepared students with some foundation for
computer science but not as solid or advanced as AP courses. Based on these findings, a piece of
advice for high school students who wish to excel in college CS would be that regular CS was not
effective, regular calculus was partially effective, and, on average, an AP course may still be the
best bet to reach top-tier grades in college CS.

Our findings suggest several avenues for future research. First, as K–12 CS education expands,
studies such as this one should continue to document how these new CS opportunities are sup-
porting success in introductory college CS courses. It will be particularly interesting to see to what
extent, if any, the new AP CS Principles course has different effects from those found for AP CS
A. Moreover, future studies should investigate not only how to support success in introductory
courses, but also how to encourage students to major and pursue jobs in the field.

Our findings also suggest policy implications for educators. First, simply exposing students to
some kind of CS before college does not appear to be sufficient. Educators also need to pay attention
to the quality of the courses and experiences they provide for students. Finally, high school students
who are interested in pursuing CS in college should understand that calculus preparation will likely
crosscut with CS preparation. Comprehensively supporting students to succeed in CS requires not
only attending to K–12 CS education but continuing to strengthen calculus preparation as well.

7 LIMITATIONS

This study has several limitations. First, we need to make the traditional disclaimer for correla-
tional studies: They cannot prove causality, even though our propensity weighting technique is
sometimes called quasi-experimental. We used the term “effect” in this article as a synonym for
statistically significant association after controlling for other variables in a regression model.

Second, another limitation is that the survey was given in an introductory college CS class.
Therefore, we know only about students who enrolled in that kind of class and cannot general-
ize our findings to students who did not enroll in the first place. This leads us to be cautious in
interpreting some findings of this study. For example, it could be that high school CS (or calcu-
lus) courses are doing such a good job in preparing students that the best-prepared students skip
introductory-level courses in college and immediately enroll in higher-level courses.

Third, the outcome variable in this study was the final grade in introductory level CS courses
in college. The between-class variation (e.g., some instructors might be stricter in grading than
other instructors) can be adjusted by specifying a multi-level model. However, there is established
literature in statistics [53], cautioning that controlling for post-treatment information (in our case,
college enrollment was a post-treatment factor that occurred after the high school course enroll-
ment) can only increase the bias in the estimation of the treatment effect. Accordingly, the flat
model should be preferred, despite omitting the information about between-class variation. In any
case, as mentioned above, we did specify a multi-level model, which yielded a very low intraclass
correlation and produced nearly identical results, compared with the flat model.

Fourth, the propensity score weighting technique helped us adjust for the imbalance between
groups in terms of students’ background information that may contribute to the self-selection bias
and confound the effect of course taking. We could only weight for a list of some of the “usual sus-
pects” that may influence students’ course selection in high school. As mentioned earlier, one key
variable that we did not measure and weight for was students’ computing affinity and self-efficacy
at the beginning of high school, which may have influenced a student’s preference in course enroll-
ment. However, these efficacy indicators at the beginning of high school would have been difficult
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to measure, because students would have had to recall their mindset of three or more than three
years ago. We could have collected students’ efficacy at the beginning of college, but that would
have been information about what took place after the high school course enrollment, which could
not have affected the self-selection process and should be considered post-treatment information.
Our approach to address this challenge was to collect, and weight for, information about students’
parents’ profession, i.e., if their parents’ jobs were related to computing, because such students
might be expected to have more positive self-efficacy and affinity to computing [1, 24, 60, 61].
Despite this effort, we are aware that students’ prior self-efficacy or affinity had not been fully
accounted for in this study. Future studies should find alternative strategies to measure students’
self-efficacy and affinity in computing at an early age to address this challenge. Relatedly, we did
not have measures of potential mediating variables (that would be post-treatment variables) such
as computational thinking skills, coding skills, and self-efficacy that can help us explore the routes
and mechanisms that lead to college CS success from different high school calculus and CS courses.

Last but not least, we want to remind the readers that college course grade is an incomplete
metric for one’s academic success, especially in the field of computer science, which is primar-
ily product oriented. Although introductory courses are often the gatekeeper courses for more
advanced-level studies, grades measured in our study do not necessarily presage long-term suc-
cess in CS learning or a CS career. Future research should collect information about students’
performance and engagement in CS in the even longer-term (such as by the end of college) and
should use more holistic measures (such as hands-on projects and affinity to computing) to inves-
tigate how long the boost from high school CS or mathematics course enrollment can last beyond
the college introductory CS courses. Future study should also examine the impact of non-course
or out-of-school experiences in computing and mathematics on college CS success and how these
non-course experiences may interact with course taking experiences.

8 CONCLUSION

Using a large sample drawn from colleges and universities across the U.S., this study examined
the common observation by college CS teachers that prior course taking in calculus seems to
predict college CS achievement more strongly than does prior course taking in CS. This study
partially validated this observation in that course taking in regular calculus had a positive effect
and course taking in regular CS did not. However, we noticed that the observed advantage of taking
AP calculus over taking AP CS was largely due to self-selection bias. For high school students who
started off with similar background factors (e.g., parental education), we estimated that the effect
of taking AP calculus was similar to that of AP CS. Interestingly, enrollment in both AP calculus
and AP CS did not have any additional positive effect, suggesting that both AP calculus and AP
CS prepared for common skills that are important for long-term CS achievement—representing
alternative and fairly equivalent pathways to success in introductory college CS courses.
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