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Abstract—- (Full paper, Research category) The stakeholders
in the computer science education have been trying to pinpoint
the most relevant factors and variables contributing significantly
to student recruitment, success, and retention in computing
degrees over the last several decades. The goal of these efforts
is to intervene using these controllable variables as early as
possible and at key transition junctions for the most benefit
to the students. Yet, there is still not a general agreement, let
alone a consensus, neither on the most important factors nor
on the degree of their contributions. While we cannot provide a
panacea to this elusive and challenging problem, in this paper, we
report our initial study, analyses, and results of what we intend
to transform into a longitudinal undertaking to delineate success
factors in computing programs in general, and in CS2 (data
structures) courses in particular. OQur analyses confirm some
of the findings from the literature, such as CS1 performance
as the most important contributor for CS2 success as well as
prior programming experience, and perception of computing. At
the same time we diverge from some of the literature on such
factors as high school GPA or CS0 performance. Our conclusions
corroborate one of the rare consensus in the computing education
literature that more efforts should still be exerted in this
important topic. We also provide a new and novel taxonomy
of the factors for success in computing programs as well as a
short summary of the ACM Guidelines over time.

Index Terms—CS0, CS1, CS2, Success factors for introductory
computing courses.

I. INTRODUCTION

Computer science education literature has documented sig-
nificant differences across universities with regards to how
the core programming courses up to the data structures are
offered including the content, number of courses, order of the
topics, the programming language, pedagogical methodology,
prerequisites, delivery methods, etc. ACMs 1978 Computing
Curricula introduced the CS1 (first course about the program-
ming fundamentals) and CS2 (data structures and abstraction)
terminology. This terminology has been used in the literature
by educators without a consensus about the content of these
courses. CSO designation has been added later to denote a
computing class for non-majors or a prerequisite course for
CS1. In this paper, we report the results of an assessment
study conducted at a regional campus of a major public state
university to delineate relevant factors of student success in
a CS2 course. The results span over the past six regular con-
secutive semesters since curricular changes were introduced in
our CS2. The study considers both the institutional data, such
as demographics, prior academic exposure and performance
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in both computing and mathematics, and student self-reported
data, such as involvement in computer science research and
clubs, motivation, and perception about the difficulty of ma-
terial.

In our curriculum, we offer different pathways for students
to take CS2. Our CS2 course is offered in C++ and our
students in CS2 come from one of the two majors: Computer
Information Systems (CIS) or Computer Science (CSC). All
our students take at least two programming courses before
CS2: (a) a 100-level course in C++ that covers basic control
structures, and (b) one of two 200-level courses that cover
object oriented programming. Our CIS majors tend to take the
200-level course in Java and our CSC majors tend to take the
200-level course in C++. Besides this, there is a CSO course,
which can be waived, and is offered either in VB, Python, or
COBOL.

In order to provide the context, we survey the literature and
provide a novel classification of different factors influencing
the success in CS2 course, and hence in the overall computing
degree and retention rates. We provide a detailed multifaceted
statistical analysis of the data to provide insight into the
intricate relationships among various factors. We believe that
our study provides a good point of reference and a streamlined
look at the introductory computing pathways as well as the
CS2 success factors and sets the stage for more standardized
compare/contrast studies in the future. More concerted efforts
are needed to be able to make more inroads towards a better
understanding of the most relevant and controllable factors.

The rest of the paper is organized as follows: Section II
provides a summary of the related work in terms of a tax-
onomy of factors reported in the literature for the success in
computing classes and programs. We provide an overview for
the evolution of the ACM Curriculum Guidelines since its
inception in Section III. The methodology we employed in
collecting data, the success factors, and the framework of our
statistical analyses are explained in Section IV. We provide a
detailed explanation of the results in Section V followed by
a discussion of the major points in Section VI. Section VII
concludes the paper.

II. RELATED WORK

Fig. 1 provides a novel taxonomy of the factors reported
in the literature as contributing to success in introductory
computing classes, including CS2, where ZD indicates that
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Fig. 1: Factors Contributing to Success in Computing Classes.
denotes the source in our study came from our survey question
x. We also note that a big portion of the degree attrition takes
place during these introductory computing classes and thus
these factors also determine the success rate of computing

programs as well. We recognize 4 major categories of factors.
Data-driven factors are those that can be obtained from a
variety of sources such as institutional analysis departments
or the registrar about the basic information on students. Test-
driven factors are those that can be obtained after students take
curricular or extra-curricular tests. The third major category
is about the behavioral approaches of the students and they
are usually self-reported by them through surveys or question-
naires. The final category contains such pedagogical factors as
different curriculum delivery methodologies or learning and
teaching styles employed in the classroom.

III. ACM GUIDELINES FOR UNDERGRADUATE COMPUTER
SCIENCE AND INFORMATION SYSTEMS CURRICULA

Since the 1960s, ACM, along with other leading pro-
fessional and scientific computing societies, has provided
curricular recommendations for computing disciplines. The
current recommendations found at [41] provides undergraduate
curriculum guidelines for five sub-disciplines of computing:
(a) computer engineering (b) computer science (c) information
systems (d) information technology, and (e) software engineer-
ing. At our university, we offer two majors: computer science
and computer information systems. Therefore we focus on the
development of the ACM curricula guidelines for computer
science (CS), and information systems (IS) over the years.

According to the 1973, 1983, 1997 and 2002 recommenda-
tions [42]-[45], programming, data, file and object structures
are required to be covered in the IS curriculum. The 2010
recommendations suggest that programs that want to include
a sequence of programming courses can do so similar to the
computer science curricular guidelines. The topics related to
programming that are recommended to be covered include pro-
gramming control structures, algorithm development, classes,
and data structures such as arrays, stacks, queues and trees.
The mathematical topics that are recommended to be covered
include introduction to calculus, introductory statistics and
discrete mathematics.

The different ACM recommendations for computer science
include the 1968, 1978, 1991, 2001 and 2013 [46]-[50]. While
there are differences between the different recommendations,
they all share several commonalities as well. For instance,
they all require math topics such as introductory calculus,
probability, linear algebra and discrete structures. Further,
they all include basic programming concepts, search and sort
methods, recursion and data structures.

The 1991 report, which was the first joint report by ACM
and IEEE-CS, identifies programming to denote the entire col-
lection of activities that surround the description, development,
and effective implementation of algorithmic solutions to well-
specified problems, and that programming is an extension of
the basic skills that students and professionals normally use in
day-to-day communication. Therefore, undergraduates should
develop an early understanding of programming.

The 1978 curriculum recommends a four course sequence
for programming courses: Computer Programming I (intro-
duce problem solving methods and algorithm development),



followed by Computer Programming II (introduce algorithmic
analysis, string processing, recursion, search and sort methods,
and simple data structures), followed by introduction to file
professing (introduce bulk storage devices), followed by data
structures and algorithmic analysis (to utilize algorithmic
analysis in the selection of methods for data manipulation).
The 2001 report identifies six possible implementations of the
programming curriculum: (a) imperative-first (b) objects-first
(c) functional-first (d) breadth-first (e) algorithms-first, or (f)
hardware-first.

It was observed in the 2013 report that safer or more
managed languages such as Java were being preferred (over
C), dynamic languages such as Python and Javascript are also
being used. Further, Visual languages like Alice and Scratch,
are being favored to provide a syntax-light introduction to
programming, mainly for non-majors. Also, in order to dispel
the notion that there is a single best programming language,
some introductory course sequences provide a presentation
of alternative programming paradigms, such as scripting .vs.
procedural programming, functional .vs. object-oriented pro-
gramming etc.

IV. METHODOLOGY

In this study, we targeted a group of students who have
taken CS2, data structures, since Fall 2015. Prior to Fall
2015, we offered CSC 375 as a course covering both data
structures and algorithms, and as a core course for our CSC
majors. There were two significant curricular changes that
were introduced in Fall 2015: (a) CSC 375 was split into
two courses — CSC 375 that covered only data structures
(similar to ACM CS2 terminology), and CSC 379 that covered
algorithms, and (b) CSC 375 was added as a core course
for CIS majors as well. Students who take CS2 (our revised
CSC 375 course) have taken different combinations of courses
because of the different majors (CIS and CSC), as well as
because of the choices available. In our study, we investigate
factors relevant to student success in CS2. We define success
in a course as the academic performance (grade) in that course.
Therefore success is not a binary outcome, rather, we study
how successful the students are (higher course grade means
greater student success), and the factors relevant to higher
course grade. In our study, we first focused on the institutional
data such as different courses taken and the grades obtained
in the different courses. Secondly, we incorporated available
institutional data with self-reported data, which were collected
through a survey.

A. Subjects

We had 147 students that had a grade for CS2 over the past
six semesters since Fall 2015. This includes 140 undergraduate
students in two majors (CIS and CSC), and 7 “fast-track” grad-
uate students who had an undergraduate degree in a non-CS
field. As for the self-reported data, we sent out a questionnaire
that included 17 questions to find out their prior exposure to
programming in different settings, motivation, perception, and
involvement in related extra-curricular activities. We collected

responses from 62 students (58 undergraduate and 4 graduate)
who had a grade for CS2, for which we performed statistical
analysis for the combination of aforementioned two types of
data.

B. Success Factors

Since each student taking CS2 has a history of pre-requisites
in terms of Math and CS courses, we retrieved their grades
for five MATH courses (MTH 111, MTH 118, MTH 121,
MTH 122) and six CS courses (CIS 173, CIS 170, CSC 122,
CSC 175, CSC 275, CSC 276). Due to the major/program
differences, students can choose either MTH 118 or MTH 122
for Calculus concepts which made us create a new variable
called MTHS82 to quantify math success. Students also have
the option to choose any of the CSO level courses (Visual
Basic, COBOL, and Python) from which we took the highest
grade and named it CSO. In our curriculum CS1 is offered
as a two course sequence. Students first learn basic control
structures using C++ programming language in CSC 175
(we refer to this as CS1A). After this, students learn object-
oriented programming concepts in either C++ (CSC 275) or
Java (CSC 276). We took the highest grade if a student took
both CSC 275 and CSC 276 and denoted it as CS1B. The
course variables/factors used in the paper and the different
courses that correspond to each variable are shown in Table I.
If a variable corresponds to more than one course, we choose
the highest grade that a student received among these courses.
The variable CS1A denotes the grade obtained in CSC 175;
the variable CS1B denotes the higher grade between CSC 275
and CSC 276. Note that students typically would have taken
only one of the courses corresponding to such a variable.

TABLE I: Course variables and corresponding courses. The
value for a variable denotes the grade obtained in the corre-
sponding course(s).

Variable | Course Number (Credit Hours) and Title
CSC 122 (2): Introduction to Programming (Python)
CSO0 CIS 170 (3): COBOL Programming
CIS 173 (3): Visual Basic for Windows
CS1A CSC 175 (4): Problem Solving and Programming I (C++)
CSC275 CSC 275 (4): Problem Solving and Programming II (C++)
CSC276 CSC 276 (4): Problem Solving and Programming II (Java)
CSIB CSC 275 (4): Problem Solving and Programming II (C++)
CSC 276 (4): Problem Solving and Programming II (Java)
CS2 CSC 375 (3): Data Structures (C++)
MTHI111 | MTH 111 (3): College Algebra
MTH118 | MTH 118 (4): Calculus for Management and Social Sciences
MTHI21 | MTH 121 (4): Calculus I
MTHI122 | MTH 122 (4): Calculus II
MTHS2 MTH 118 (4): Calculus for Management and Social Sciences
MTH 122 (4): Calculus II

The institutional data included grades for the different
courses (Table I), as well as the students’ high school GPA
(variable denoted HSGPA). In addition to the variables derived
from institutional data, we came up with 17 questions in Table
II by which we aimed at incorporating student perspective into
our analysis.



TABLE II: Survey Questions.

Q1 Are you a transfer student? (Yes/No)

Q2 If you are a transfer student, where did you transfer
from? (Yes/No)

Q3 Have you switched majors before? (Yes/No)

Q4 Are you a first generation college student? (Yes/No)
Q5 Is any of your family members involved in comput-
ing? (Yes/No)

Q6 How much do you like programming? (1 is like a
lot, 5 is dislike a lot)

Q7 I took programming class(es) in High School. (0
none, up to 4 classes)

Q8 I was exposed to programming in high school
through other classes. (1 significantly, 5 none)
Q9 I was exposed to programming in high school

through clubs. (1 significantly, 5 none)

Q10 | I am/was employed in a job that involved program-
ming. (1 significant, 5 none)

QI1 | I participated in a faculty’s research project with
some programming tasks. (1 significant, 5 none)

QI2 | I meet with my advisor before registering for
courses? (1 is almost always, 5 is almost never)

Q13 | I was involved with ACM or other computer science
clubs. (1 significantly, 5 none)

Q14 | I spend time on gaming (1 significant time, none)

Q15 | How difficult did you find CSC3757 (1 is very light,
5 is very heavy)

Q16 | Ilearned/am learning a great deal in CSC375 (1 great
deal, 5 minimal)

Q17 | Ihad a strong desire to take this course (1 strongest,

5 weakest)

C. Statistical Analysis

Our analysis consists of three steps: i) correlation analysis
to assess the relationship of factors and success in CS2, ii)
linear regression models to see the contribution of selected
factors toward the prediction of CS2 success, and iii) ¢-test
to quantify the effect of CS1B, MTHS82 and major choices in
CS2 success.

In the first step, we measured the Pearson correlation be-
tween the student success in CS2 and the variables/factors we
identified. For the institutional data analysis, we considered the
grades for the different courses as well as HSGPA. For the self-
reported data analysis, we considered the survey responses, in
addition to the grades for the different courses and HSGPA.
The number of students for each correlation analysis denotes
the number of students with a value for that variable (for
course variables, this denotes the number of students with a
grade for that course). We also reported the significance level
of each correlation coefficient.

In the second stage, we built linear regression models to
assess the ability of each potential factor to predict CS2
success. Similar to the correlation analysis above, we built
models on different set of data considering factors with higher
correlations and readiness in Math and CS (r > 0.5).

In the final step, we split students into groups to measure
the impact of their CS1B choice, MTH82 choice and major
on CS2 success. Namely, we performed independent ¢-tests on
the groups which were formed on the basis of CS1 selection,
MTH selection and major. We had students who took either
Java or C++ before CS2 in the CS1B case, students who took

either MTH 118 or MTH 122 in the MTH case, and compared
CSC majors against CIS majors in the third case.

V. RESULTS

In this section, we present our results from correlation
and regression analyses for the institutional and self-reported
datasets. For the self-reported data analysis, we had responses
from 62 out of the 147 students. This analysis included the
responses as well as HSGPA and course variables. Then, we
illustrate our findings from the ¢-test for Java and C++ com-
parison, MTH 118 and MTH 122 comparison, and comparison
of different majors.

A. Institutional Data

For 147 students, we retrieved all available grades for MTH
and CS courses as well as their HSGPA. The sample size
varies for different variables as a student may not have the
grade for some courses (either the student did not choose that
course as part of a choice, or the student transferred in the
course from another college, or the course was waived for the
student). See that in Table III, the sample size for CSC275
is 65, and the sample size for CSC276 is 43. We list the
correlation coefficient for each factor in Table III in which we
highlight the factors which have r > 0.50 and p-value< 0.05.

TABLE III: Correlations.

[ Factors [r [ p-value [ Sample Size |
HSGPA 0.18 | .36 76
MTHI22 | 0.53 | p<.001 58
MTHI121 | 0.32 | .05 67
MTHI111 | 0.03 | .82 44
MTHII8 | 0.57 | p<.001 36
MTHS2 | 050 | p<.001 93
CSC275 048 | p<.001 65
CSC276 0.41 .05 43
CSO 0.19 | 31 87
CS1A 0.21 22 90
CS1B 0.53 | p<.001 105

The highest correlation was 0.57 which was for MTH 118.
MTH 122, CS1B and MTHS82 also had correlations at least
0.50. Accompanying p-values for all these correlations were
far less than 0.05, which demonstrated the significance of these
relatively strong mutual relationships. We observed lower cor-
relations for CSO and CS1A. The relationship between CS1A
success to CS2 success is illustrated in Fig. 2d. Furthermore,
we summarize the performance of students in CS1A in Fig. 2e,
where median grades are represented by the bold horizontal
line, and 25" and 75" percentiles correspond to lower and
upper edges of the box, respectively.

Although CSO and CS1A did not demonstrate that strong
relationship as that of CS1B, we wanted to see if the entire
CS prerequisite chain could be a predictor of the success in
CS2. Therefore, we built a multiple linear regression model
that takes CS0O, CS1A, and CS1B as independent variables or
factors for the prediction of success in CS2. We performed this
analysis on 55 students who had grades for these courses. As
it can be seen in Table IV, CSIB stood out as the strongest
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Fig. 2: Results from our statistical analysis.

TABLE IV: Computer Science Prerequisites.

Estimate | Std. Error | tvalue | Pr(> [t])
(Intercept) | -1.60 1.36 -1.18 24
CSO 0.21 0.35 0.60 .55
CSIA 0.15 0.19 0.80 43
CSIB 0.91 0.21 4.42 p<.001
[ summary | df: 55, R%: 0.33, p<.001 |

indicator of Math-readiness along with CS courses above
and built another linear model. Table V shows the summary
of the multiple linear regression analysis in which MTHS82
significantly (p-value: .002) demonstrates its predictive power
(coefficient: 0.43) against CS courses and CS1B still plays an
important role (coefficient: 0.86). This model seems to have
more variance explained in CS2 success, as the R? value in
Table V is higher than the R? value in Table IV.

TABLE V: Math and Computer Science Prerequisites.

As both MTH 118 and MTH 122 were found to be posi-
tively and significantly correlated and they both cover Calculus
concepts for different majors, we further delved into these
two Math courses. Then we combined these two courses into
MTHS?2 as described in Section IV-B and observed a signifi-
cant (p<.001) correlation of 0.50, which is also illustrated in
Fig. 2c.

Although MTHS2 had relatively lower correlation value
w.r.t. individual MTH 118 and MTH 122 correlations, it
not only showed a higher significance, but also increased
the sample size. Therefore, we incorporated MTHS2 as an

Estimate | Std. Error | t value | Pr(> [t])
(Intercept) | -1.88 1.33 -1.42 .16
MTHS2 0.43 0.13 3.36 .002
CSO 0.13 0.34 0.39 .70
CSIA 0.05 0.18 0.27 .79
CSIB 0.86 0.22 3.90 p<.001
[ summary | df: 43, R*: 0.5053, p<.001

In our final analysis for the institutional data, we wanted to
study a relatively long run trajectory which involved the high
school GPA in addition to Math and CS factors. Due to the
limitations in data availability, we excluded CSO to increase the



sample size and built another multiple linear regression model.
Our findings in Table VI still shows a statistically significant
(p-value: .001) linear model with an R? = 0.36, but high
school GPA does not seem to contribute as much as other
predictors to the CS2 success. On the other hand, MTH 82
and CS1B continue to be strong factors with coefficients 0.45
(p-value: .01) and 0.66 (p-value: .01), respectively.

TABLE VI: High School GPA and Prerequisites.

Estimate | Std. Error | t value | Pr(> [t])
(Intercept) | -1.16 1.32 -0.88 .39
HSGPA 0.08 0.35 0.23 .82
MTHS2 0.45 0.17 2.66 .011
CSIA 0.10 0.23 0.42 .68
CS1B 0.66 0.26 2.56 .01
[ summary | df: 41, R2: 0.36, p-value: .001 |

B. Self-reported Data

As we mentioned earlier, we had 65 students who responded
to 17 questions, 12 of which were in Likert scale. At the time
of this study, there were three students with missing grades for
CS2 course, which resulted in 62 as the sample size. Therefore,
we calculated Pearson correlations for the questions from 6
through 17 in addition to the available institutional variables
such as high school GPAs and grades for those 62 students.
Table VII lists our findings with corresponding p-values and
sample sizes.

TABLE VII: Correlations.

Factors r p-value | Sample Size
HSGPA 0.19 1.0 36
Q6 -0.25 | .71 62
Q7 0.19 1.0 62
Q8 0.20 1.0 62
Q9 0.02 1.0 62
Q10 -0.08 | 1.0 62
Ql1 0.05 1.0 62
Q12 0.19 1.0 62
Q13 0.00 1.0 62
Ql4 -0.22 | 1.0 62
Q15 -.61 p<.001 62
Ql6 -0.14 | 1.0 62
Q17 -0.44 | .009 62
MTHI22 | 0.64 .016 24
MTHI21 | 0.44 18 33
MTHIIS8 | 0.70 .13 13
MTHIIL | 0.04 1.0 17
MTHS2 0.62 p<.001 37
CSC275 0.55 .016 34
CSC276 0.52 1.0 12
CSO 0.30 1.0 31
CST1A 0.40 15 42
CS1B 0.54 .003 46

In our survey, the 15th question, which was intended to

ask the student perception in the difficulty level of the CS2
course, showed the highest correlation with a very low p-
value (p<.001). The negative correlation indicates that as the
student finds the course lighter (1 is very light, 5 is very
heavy), s/he has a higher grade in CS2. We also illustrate this

phenomenon in Fig. 2b. Similarly, we should also note that
Q17, which asked the desire to take the course (1 strongest, 5
weakest), showed a considerable negative correlation (-0.44)
as illustrated in Fig. 2i.

In this particular subset of the data, we observed that
Math courses showed relatively higher correlations again, but
correlation coefficient for MTH 118 did not reach the same
significance level as it reached in the whole institutional
dataset. Similar to the earlier analysis, MTHS82, which is the
combination of MTH 118 and MTH 122, had a high corre-
lation with p<.001. We also noticed that CS1B consistently
showed a positive correlation with CS2 success.

By using all available questions in the survey, we built
a multiple linear regression model. We only excluded the
2nd question which was specifically asking the name of the
institution the student came from. Questions Q1, Q3, Q4, and
Q5 in Table VIII are ”Yes/No” questions for which we have
coefficient estimates when their values are ”Yes”. Finally, we
obtained a linear model with R? = 0.50 and p-value=.003,
which not only reinforced the significance of Q15, but also
discovered the importance of Q8, programming exposure in
high school (coefficient: 0.26, p-value: .04).

TABLE VIII: Survey Questions.

survey Estimate | Std. Error | t value | Pr(> [¢])
(Intercept) | 4.20 0.94 4.45 p<.001
QI Yes -0.09 0.29 -0.32 75
Q3 Yes -0.25 0.30 -0.83 41
Q4 Yes -0.02 0.28 -0.06 .95
Q5 Yes -0.25 0.29 -0.86 40
Q6 0.17 0.15 1.17 .25
Q7 0.07 0.11 0.60 .55
Q8 0.26 0.12 2.14 .038
Q9 -0.11 0.13 -0.80 43
Q10 0.05 0.09 0.53 .60
Q11 0.01 0.14 0.10 .92
Q12 -0.002 0.09 -0.02 .98
Q13 -0.04 0.12 -0.35 .73
Q14 -0.04 0.10 -0.36 72
Q15 -0.52 0.13 -4.05 p<.001
Q16 0.01 0.14 0.1 .92
Q17 -0.27 0.15 -1.82 .08
[ summary [ df:45, R?: 0.50, p-value: 0.003 ]

Lastly, we wanted to see how the self-reported data and the
institutional data together could help us predict the student
success in CS2. More specifically, we picked Q8 and QIS5
due to their significance and incorporated with high school
GPA, MTHS82, CS1A, and CS1B. Although high school GPA
has never been found to be a significant factor, we tried to
mimic the earlier analysis reported in Table VI.

Since we were limited by the number of students who
responded to our survey, we performed this analysis on a
relatively smaller subset, which had a sample size of 17. The
resulting linear model with R? of 0.67 and a p-value < .05
showed that Q15 had the highest prediction power (coefficient:
-0.71) being the only significant factor among all variables
considered. Even though the coefficient for the high school
GPA is the second highest, it was not found to be significant



due to its hight p-value. As opposed to earlier analyses, CS1B
was not found to be an effective predictor, which had the least
coefficient value with a high p-value.

TABLE IX: Significant Questions with Readiness.

Estimate | Std. Error | tvalue | Pr(> [¢])
(Intercept) | 0.26 3.35 0.08 94
HSGPA 0.52 0.54 0.96 .36
MTHS2 0.36 0.43 0.83 42
Q8 0.32 0.19 1.71 12
Ql5 -0.72 0.29 -2.50 .03
CSIA -0.04 0.74 -0.06 .96
CSIB 0.22 0.42 0.53 .61
[ summary ] df: 11, R?: 0.67, p-value: 0.03 |

C. Choice of CSIB: Java vs. C++

At our institution, our students have two choices for CS1B,
which covers object-oriented programming: CSC 275 (in C++)
or CSC 276 (in Java). In our institutional data, we had 63
students who took only CSC 275, 40 students who took only
CSC 276, and two students who took both CSC 275 and CSC
276. For studying whether the choice of C++ or Java impacted
their CS2 success, we removed those two students. Fig. 2a
illustrates their success in CS2 and Fig. 2f summarizes the
grades of both groups. In order to quantitatively assess whether
the distribution of CS2 success is significantly different for
these two groups, we performed independent ¢-test based on
the hypotheses below.

HO CHCH++ = HJava (1)
HA CHCH++ 7é HJava (2)

As our research question is whether the choice of pro-
gramming language has different effects, the null hypothesis
means that they do not have different effects. Therefore, we
investigated if any difference between the means of the two
groups significantly differed from zero. We then found out that
means for two samples differ from each other with a p-value
of .07, which concludes that difference is not significant.

D. Math Pathways: MTH 118 vs. MTH 122

While students have a choice between Java and C++ in
CS1B, they are expected to take either MTH 118 or MTH 122
for Calculus II concepts depending on their majors. Therefore,
students diverge at this point in the Math pathway before they
all reach to the level of CS2. As it can be seen in Fig. 2g,
CS2 success not only has more variance, but also includes
higher scores for MTH 122 students. In order to assess the
significance of the difference between these two groups, we
constructed the following hypotheses:

Hy : pprra118 = MTH122 3
Ha:ppmra118 7 BMTH122 )

We performed the ¢-test on those who took only MTH 122
(n=57) or only MTH 118 (n=35), which resulted in exclusion

of a student who took both. Then we found out that the
difference in CS2 success is not significant (p-value: .13).

E. Impact of Major: CSC vs. CIS

As CIS program is less programming intensive, we also
looked into the impact of major towards CS2 success. Major
information was available for the survey data for which
Figure 2h summarizes the grade distribution of each group
in CS2 and visually demonstrates the gap. However, for a
more quantitative assessment, we followed the exact procedure
in sections above by customizing it for majors. Namely, we
changed the hypotheses as follows.

Hy : pesc = pcis )
Hy :pesc # pers (6)

In this case, sample sizes for CSC and CIS majors were 38
and 19, respectively. In contrast to the CS1B analysis and the
MTH pathway analysis, we found that means for two samples
actually differed from each other significantly (p-value: .002).

VI. DISCUSSION

In this study, we examined several factors which we iden-
tified through our institutional data as well as self-reported
data to study their impact on CS2 success. While we aimed to
measure the effect of earlier courses taken and the high school
GPAs in the institutional data, we also wanted to reveal the
effect of any self-reported factor through a survey.

Among the CS courses, CS1B has been the most informative
factor in predicting CS2 success. In both institutional and self-
reported data, which has smaller sample size, CS1B showed
a moderately strong and significant correlation with CS2. As
CS1B introduces object oriented programming (OOP) and it is
the most recent programming course to be taken before CS2,
students with a good understanding of these concepts tend to
succeed in building data structures in CS2. Since choice of
Java or C++ in CS1B did not show a significant difference,
it can be inferred that the level of understanding of OOP
concepts play more important role than the language itself.

Although CIS and CSC majors are offered the same set
of programming courses, i.e., CS0, CS1A, and CS1B, Math
requirements are discipline-specific. Namely, students are to
take either MTH 118 or MTH 122 depending on their majors;
and therefore, MTH 118 and MTH 122 can be associated with
CIS and CSC majors to some extent, respectively. We observed
moderately high correlations with CS2 for both courses. MTH
82, which was the combination of those two courses was found
to be significant predictor for CS2 success in the institutional
data. We also know from the literature that high school math
is a strong predictor of success in introductory computer
science courses [2] and our findings here confirm a similar fact
between college level math courses and CS2 success. However,
MTH 118 and MTH 122 groups did not show a significant
difference in their CS2 success, whereas we found a significant
difference between CIS and CSC groups in the survey data
despite their association with these Math courses. Even though



CIS majors had higher average dislike score (2.68/5 vs. 2.03/5)
for Q6, this discrepancy might be due to both unavailability
of the grades and the difference in sample sizes.

One of the predictors in the institutional data in addition
to grades was the high school GPA by which we attempted
to see its predictive power towards the success in a 300-level
course. Even though it was considered a good predictor for
an introductory level computer science course [51] in earlier
work, our analysis did not find it as a significant factor despite
its positive effect.

Another important observation we made in this study is that
student perception of the difficulty level in CS2 (Q15) plays a
major role and goes beyond all factors with a significantly high
coefficient in the linear model. Even though Q15 demonstrates
slightly lower correlations than Math courses, it outperforms
Math component (MTHS82) of the linear model and proves its
reliability across different types of analyses.

One of the caveats of our study has been the varying sample
sizes due to the partially available data in the course of linear
regression analyses. For instance, Q8 about programming
exposure in high school, which has a low but significant
correlation with CS2, did not contribute significantly to the
linear model despite its high coefficient (0.32). We observed a
similar phenomenon for the high school GPA. Even though
it did not show any significant correlations as opposed to
Q8, it had the second highest coefficient (0.52) in the same
model with a very low significance. Besides such discrepancies
caused by removal of some students from the analysis, we
believe that our overall sample size needs to be increased for
more reliable conclusions.

Given the limitation in the number of students, our current
list of factors was not able to explain the total variance in
CS2 success. We observed R? values ranging from 0.36 to
0.66, which still leave some room for improvement. We believe
the unexplained portion might be either due to our selective
approach, which utilized the ones which had high correlations,
or unidentified factors. Regardless, it warrants further research
for a better explanation.

VII. CONCLUSIONS AND FUTURE WORK

In the current study, we presented existing paths leading
into the CS2 courses along with the taxonomy of success
factors in the literature. We further provided a summary of
changes in the ACM curriculum recommendations. The results
from our assessment study not only revealed the importance
of OOP and Calculus training, but also warranted further
research for success rate of different majors. Student responses
also highlighted a strong pattern that would account for their
success depending on their perceived difficulty of the course.
We believe that the contributions and findings presented herein
have pedagogical value for future curriculum changes.
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