
DISSERTATION

A SPIRAL DESIGN: REDESIGNING CS 1 BASED ON TECHNIQUES FOR MEMORY RECALL

Submitted by

Albert Lionelle

Department of Computer Science

In partial fulfillment of the requirements

For the Degree of Doctor of Philosophy

Colorado State University

Fort Collins, Colorado

Fall 2021

Doctoral Committee:

Advisor: J. Ross Beveridge

Sudipto Ghosh

Nathaniel Blanchard

James Folkestad



Copyright by Albert Lionelle 2021

All Rights Reserved



ABSTRACT

A SPIRAL DESIGN: REDESIGNING CS 1 BASED ON TECHNIQUES FOR MEMORY RECALL

Computer Science (CS 1) offerings in most universities tend to be notoriously difficult. Over

the past 60 years about a third of students either fail or drop out of the course. Past research has

focused on improving teaching methods through small changes without changing the overall

course structure.

The premise of this research is that restructuring the CS 1 course using a Spiral pedagogy

based on principles for improving memory and recall can help students learn the information

and retain it for future courses. Using the principles of Spacing, Interleaving, Elaboration, Prac-

ticed Retrieval, and Reflection, CS 1 was fundamentally redesigned with a complete reordering

of topics. The new pedagogy was evaluated by comparing the students with those coming from

a traditional offering in terms of (1) CS 1 performance, (2) CS 2 performance, and (3) retention of

students between CS 1 and 2. Additionally, students were tracked on the individual outcome /

topic level of their performance, and students filled out surveys measuring learning motivation

and self-regulation.

The Spiral pedagogy helped students outperform those who learned via the traditional ped-

agogy by 9% on final exam scores in CS 1 with a significant difference. Furthermore, 23% of

students taught using the Spiral pedagogy mastered greater than 90% of the outcomes, where

those taught with the traditional method only mastered 5% of the learning outcomes. Students

who were taught with the Spiral pedagogy showed a greatly increased interest in Computer Sci-

ence by the end of the course, with women showing the greatest increase in interest towards

Computer Science. Retention is increased between CS 1 and CS 2 with a 19.2% increase for

women, and a 9.2% increase overall.

Five weeks later, students were given the same final exam by way of a review exam in CS 2.

With the gap in time to forget, those taught with the Spiral pedagogy scored 10-12.5% higher
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than their peers taught using the traditional method. The change in pedagogy showed an influ-

ence with Cohen’s d = .69. Furthermore, students continued to do better in CS 2 with increased

grades across all assessments, including programming capabilities. By the end of CS 2 only 65%

of students who learned by the traditional method passed CS 2 with a C or above while students

who learned via the Spiral pedagogy had 80% pass with a C or above.

The framework for the Spiral Design is presented along with implementation suggestions if

others wish to duplicate the pedagogy for their course along with future research suggestions;

including building a Spiral Curriculum to enhance performance across courses and interactive

tools to act as a means of intervention using techniques proven to improve recall of past con-

tent. Overall the Spiral Design shows promising results as the next generation in course design

for supporting student achievement and provides additional pathways for future research.
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Chapter 1

Introduction

Computer Science is often considered hard, with the data supporting that nearly one-third

of all students who take Computer Science 1 (CS 1) either fail or drop out within the first year [5,

6]. Most CS 1 courses are teaching students not only how to read and write a new language, but

also a much greater skill, computational thinking. Focusing on four broad cognitive skills: Ab-

straction, Decomposition, Pattern Recognition, and Algorithmic Design; computational think-

ing is a different way to look at problems; especially in data driven societies where our problems

are very large with daunting amounts of data and issues surrounding each problem [7, 8]. Fur-

thermore, the cognitive model that is required to understand computational thinking is consid-

ered one of the more challenging models for individuals to develop [9], it has even been argued

that we ask the impossible of students within their first semester [10].

In spite of this difficulty, there are many students who are able to rise to the challenge of their

CS 1 course. Various reports suggest that student self-efficacy is a major contributing factor to

success in both college [11,12] and Computer Science [13]. There have been multiple studies on

improving student self-efficacy in Computer Science by peer instruction, paired programming,

and more [14–17]. These successful students are able to handle the cognitive load of Computer

Science; remembering concepts with cumulative expectations and having fundamental skills

for studying those concepts. Students with high self-efficacy tend to have a mastery or growth

mindset [18]. Unfortunately, these skills are not often considered part of the standard CS 1

curriculum, and arguably, are not often directly taught in most college settings. Simply, students

manage to succeed in spite of their introductory course in Computer Science.

The premise of this research is that we can do better at teaching if we design CS 1 in a man-

ner that naturally promotes these skills and the ability to actively recall information in a subject

that is always cumulative. Based on a similar premise, Lionelle et al. redesigned CS 0 around

proven skills for recall and memory as a means to improve recall while introducing more top-
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ics in the standard CS 0 sequence to meet university standards. The design was termed the

Spiral Design due to the intentional quick introduction to topics and the subsequent return of

topics with more in-depth chunks at each iteration. They were able to show increased student

retention between courses and increased performance in the following CS course [19]. This re-

sult was somewhat unexpected as an earlier study by Wilcox and Lionelle showed that students

often "catch up" by their second semester in programming [3], meaning students with previ-

ous programming experience start out performing better compared to other students, but then

most students perform equally by the end of their second semester. These results led to the

question, "Could the same Spiral Design be adapted to a CS 1 course without adding additional

topics?" Furthermore, would such a design enable students to continue to show improved per-

formance in CS 2?

Following the same idea, this research explores redesigning CS 1 using Spiral Design princi-

ples as the foundation. The redesign caused a complete reordering of topics, new assignments,

new approaches to labs, and most importantly, a change in the underlining pedagogy in how

to teach the material, but did not include any additional topics. We termed this redesign Gold.

At the same time, we ran a section using the traditional CS 1 course design, termed Green, with

a heavy emphasis on peer instruction, collaboration, many small programs, and other well re-

searched topics. The goal was to take a traditional course designed around all the current well-

documented best-practices, and see if the students who learned via the Spiral Design would

outperform the traditional course. Furthermore, we then had all the students take the same CS

2: Data Structures course together to gauge performance, not only at the end of the first CS 1

course, but to see how they continued to perform in the following course.

Computer Science is hard, but learning doesn’t have to be. While previous literature has

focused on improving CS 1 with small changes to assignments and the way instructors teach,

there hasn’t been an in depth change to the very order in which we teach the topics. Instead, ed-

ucators have come to the collective conclusion that topics follow a mostly set order, completely

learning one topic before going onto the next topic. That order has never been questioned
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and this research explores that question. Most notably, if a course is designed using the Spi-

ral Method, can educators make a hard topic easier to learn for the students? Can educators

improve performance by adopting this design?

In this research Chapter 2 explores the previous literature in the field with an emphasis on

CS 1 design, best practices towards CS 1, including the importance of CS 0, cognitive studies

around Computer Science, and the techniques of learning that are highlighted in the Spiral

Design. Chapter 3 details the past work that has been done at CSU, including the redesign of CS

1 and the redesign of CS 0. Chapter 4 details the current design of CS 1, the proposed redesign

using the Spiral Method, and the methods of evaluating and comparing the two courses. Three

questions are presented in Chapter 4 that act as the foundation of the research:

• Q1: Given that going to spiral allowed us to add content without reducing learning, what

happens when CS 1 is designed around the Spiral Model without adding content? Will

student performance in the current course increase?

• Q2: Given CS 2 is often the great equalizer in student performance no matter their pro-

gramming background, will students who learned via the Spiral Method in CS 1 outper-

form students in CS 2 who learned with the traditional methods in CS 1?

• Q3: Any modern changes should not hurt inclusion and retention of students between

courses, does the Spiral Method at least encourage equal, if not improved retention of

students who come from underrepresented backgrounds to continue onto CS 2 as com-

pared to the traditional method?

After a year of testing, Chapter 5 details the results of three different CS 1 sections. The

Traditional Design (Green) with No-Prior Programming Experience students, the Spiral Design

(Gold) with No-Prior Programming Experience students, and the Spiral Design (CS164-Gold)

with Prior Programming Experience students. The final exam along with outcome tracking,

student surveys, and retention data acts as our primary data sources for analysis. Chapter 6

details the results of all students combined into a single CS 2 section in which the students are
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tracked across all assignments throughout the semester. Additionally, students were given a re-

view exam of CS 1 topics after the winter break in an effort to determine how much information

was recalled using long term recall. Chapter 7 provides a discussion and analysis of the results

across the year, highlighting key points and outcomes. There is also a discussion of how to im-

plement the Spiral Design, tips and tricks uncovered over the past year, and provides a list of

potential research opportunities that stemmed from this research.

The Spiral Design is a novel approach to teaching CS 1, and The results encourage us to

reevaluate the common ordering of topics and assumptions we have if we are really going to

improve how students learn Computer Science.
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Chapter 2

Related Works

Introductory programming courses are notoriously demanding [20], with an extremely dif-

ficult cognitive model [9]. Programming discipline difficulty, course arrangement complexity,

and limited student motivation are some of the reasons cited for high student dropout rates in

introductory programming courses [21]. Most notably, it was estimated that of the two million

students who took CS 1 in 1999, 650,000 of those students ended up failing their first course [5],

roughly 33%. In a follow up 2014 study, it was shown that even after years of intervention, very

little had changed. Across 161 courses, the average pass rate was 67%, making the failure or

drop rate 33%. It is believed that with a low pass rate we see a reduction in student retention

across student programs [6]. Given these high failure rates, coupled with the demand to see in-

creased retention and graduation rates, course teaching pedagogy, student factors, and general

curriculum must be critically evaluated. If we continually loose 1/3 of students who are inter-

ested in becoming CS majors, Computer Science will struggle. What factors go into improving

student retention? What pedagogical techniques have been employed, and what exactly are we

seeking to teach students?

This literature review examines those questions. Section 2.1 looks at the definition of in-

troductory Computer Science courses, in particular CS 1. Section 2.2 looks at different ways

performance has been measured along with common pedagogical techniques to improve ei-

ther prediction of student performance, or directly to improve student performance. One such

technique includes introducing a CS 0 course as a course to take before CS 1. Section 2.3 looks at

the challenge of CS 1 as a metacognition and self-regulation issue in which interventions should

not only target the what, but also focus on how students are learning to learn. Section 2.4 looks

at four themes recommended by cognitive psychologists to improve learning and education.
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2.1 Defining CS 1

Introductory programming courses are often called “Computer Science I” (CS 1), as an in-

troduction to both programming and computational thinking. While the term is commonly

used, a question remaining is if there are common learning outcomes most colleges and uni-

versities have adopted over the past sixty years. Many universities use a document produced by

a joint effort between ACM and IEEE, the Ironman Draft of Computer Science Curricula, sim-

ply termed CS2013. The CS2013 document gives a fair amount of leeway between CS 1 style

courses, simply outlining broad learning outcomes. They encourage a CS 1 course to pull from

multiple knowledge areas (KA), with the admission that most CS 1 courses pull outcomes from

KA Software Development Fundamentals (SDF) [22]. This freedom to adopt from any knowl-

edge area dependant on institutional goals leads to great flexibility and leaves the question;

"What are the most common goals across institutions?". Becker and Fitzpatrick explore this

question by evaluating syllabi from 916 different institutions [1].

The primary question Becker and Fitzpatrick seek to answer is, “What exactly do we expect

our introductory programming students to achieve?”. They generated a database of the syllabi

from 916 institutions, and provided a website for the community to search the results. When

looking at their primary question, they came up with six questions to explore.

• Q1 What percentage of CS1 courses have explicit learning outcomes?

• Q2 What concepts do explicit CS1 learning outcomes cover?

• Q3 How do These Concepts Align With CS2013?

• Q4 What do explicit CS1 learning outcomes look like?

• Q5 What is the current CS1 teaching language distribution?

• Q6 What are the most common computing terms found in CS1 syllabi?

6



It should be noted that learning outcomes and learning objectives are used in literature and

interchangeably refer to explicit statements that define what a student should be able to ac-

complish upon completion of the course.

After reviewing the websites of 916 institutions, they ended up with 234 CS 1 syllabi from

207 institutions, only 65 percent of the institutions had explicit learning outcomes (Q1). Of

these syllabi, the most common topics that were explicitly listed as a learning outcome (Q2)

are:

• testing and debugging

• writing programs

• selection (conditional) statements

• problem solving including computational thinking

• arrays and list structures

• basic object oriented programming

• variables, data types, operators, declarations

• loops and repetition

• methods

• algorithm design

• classes and objects

• file I/O

• documentation

• recursion
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• data structure at a distance last place with 19 percent of institutions listing them as ex-

plicit learning outcomes.

For Q3, Becker and Fitzpatrick focused on the Knowledge Area of Software Development

Fundamentals (SDF), and the Knowledge Unit (KU), Fundamental Programming Concepts (FPC).

All the concepts in the list above are covered via SDF except for OOP, classes and objects, which

are covered in KA Programming Languages, specifically the KU of Object-Oriented program-

ming [1].

In the Ironman Draft for CS2013, it is pointed out that SDF units are a prerequisite to study-

ing most of Computer Science, and that is the targeted area for CS 1. Even though CS2013 rec-

ommended going outside of that area, very few courses pulled from the other KAs. The Knowl-

edge Units in SDF are:

• Algorithms and Design

• Fundamental Programming Concepts

• Fundamental Data Structures

• Development Methods

A common mistake is assuming every topic needs to be covered in CS 1. In CS2013, they

point out that while these are all Core 1 skills (requirements for any CS program), they can and

should be covered across a variety of classes. For example, CS 1 may mention data structures,

but it isn’t until later in the curriculum (often CS 2 or CS 3) that students learn to implement

data structures [22].

Looking at programming language distribution, Becker and Fitzpatrick find the following

as presented in Table 2.1. They found, as expected, that Java was the most dominate language

being taught, but they noted that is down from past investigations on programming language

selection with Python gaining popularity as a primary CS language [1].
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Table 2.1: Language distribution among CS courses as found by Becker and Fitzpatrick [1]. Table does

not equal 100% as only languages with greater than 5% are shown.

Language Percentage

Java 49%

Python 36%

C++ 20%

C 5%

Programming language analysis has been researched over the years, with Pears et al. con-

ducting surveys in 1998, 2001, 2003, and 2005. They found Java, C++, and C as the most domi-

nate languages, with a focus in object oriented programming [23]. Raadt et al. found that lan-

guage selection focused more on the type of programming with institutions leaning towards ob-

ject oriented programming (81%), some procedural (10%), and functional programming (9%).

They also showed that programming language was most often selected by use in industry /

marketability of the student based on the languages they knew [24, 25].

Becker and Fitzpatrick’s language comparison also matches the work done by Giangrande,

with Java being the most popular language [26]. Siegfried et al. pointed at the noticeable rise

of Python and also noted that while Python was on the rise for CS 1 courses, it was not used

very often in CS courses. They came to the conclusion that Python was being used to teach

fundamentals while Java (or another OOP language) was being used once students were more

involved and needing to understand data structures [27]. As an example, this model is currently

followed at Cal-Poly in which students take a Computer Science course for non-majors (CS 0)

that is interest topic based, take CS 1 in Python, and then an OOP course in Java as their CS 2

course [4].

Overall, Becker and Fitzpatrick’s work supported work done by others before them, and il-

lustrated that for the most part schools follow the CS2013 recommendations with slight mod-

ifications based on the language they teach. A challenging question isn’t just what people are

teaching, but if schools are teaching the correct topics in the first semester for Computer Sci-

ence Majors. With high drop out rates, and retention issues [5, 6, 21], are schools asking too
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much of students or are they simply lacking the techniques and tools with which to reach the

population that needs intervention?

Becker and Fitzpatrick based their work off of a challenge put to the Computer Science com-

munity by Luxton-Reilly. Their thought was that for the challenge to be satisfied, the commu-

nity needed to confirm the current baseline of what is actually taught in CS 1. The challenge

from Luxton-Reilly is:

collect research-based evidence of what novice programmer can achieve at the end

of a first programming course and use evidence to derive realistic expectations for

achievement [10].

Luxton-Reilly point out that while countries such as UK [28], Australia [29], New Zealand [30],

and Denmark [31] are requiring programming in K-12 education, Computer Science education

at the university level is considered difficult with an acceptance of a high drop out rate [5,6,20].

Furthermore, the cognitive model required for Computer Science is one of the most difficult

models to learn [9].

Luxton-Reilly believe the expectations of CS 1 students are too high, and that the community

needs to seriously evaluate what they expect of students [10]. For this goal to be met, it is also

important to look at the current measures used when comparing student performance, and

also what interventions are used to improve student performance under the current model.

2.2 Measuring Student Performance

When measuring student performance, Alturki looks at mapping student performance across

assignment types and the final grade of the course. In order to accomplish this task, they pro-

vide a detailed survey of the different ways in which student performance have been measured

over the years, and some factors which have been examined that affect student performance [2].
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2.2.1 Student Background and Performance

Student background plays a role in CS 1 course performance. In most CS departments, there

is a discussion about mathematical maturity and its relationship to programming. An often

cited 1983 paper by Konvalina et al. researched the affects of math proficiency on student per-

formance. They found three major factors affecting the withdrawal rate of students: high school

performance, student age, and amount of math the student took before taking the program-

ming course. Based on their results, they determined either a math placement test, additional

college level math courses, or a CS 0 style course that was open to all students would be ideal

before accepting students into the programming course. The reason presented for the barriers

was to deal with increased growth while having limited resources to help students who may just

withdraw anyway. Once they implemented the controls on CS 1, they reduced their withdrawal

rate from 40 to 23 percent [32]. This model is often followed by universities today, including

Colorado State University which uses either math classes or a CS 0 course as the prerequisite to

their CS 1 courses. Related to mathematical performance, problem-solving also plays a factor

in student performance, as does the spoken language of the course compared to the students’

native language. For purposes of measuring problem solving capability, Pillay & Jugoo looked

at previous mathematical experience and other problem solving based courses, which were CS

0 style courses that taught problem solving. They also found gender was not an influence on

performance. [33].

2.2.2 CS 0: Improving Performance and Retention

There is no single definition of CS 0 in literature, and it is often assumed to be a course that

is much easier, with fewer programming requirements than a CS 1 course. The benefits of a CS

0 course as a means to improve student performance and retention in CS 1 have been studied

in depth, with one of the earlier works dating to 1984 by Campbell. In 1981, the University of

Maryland introduced a two-credit introductory programming course. Upon completion they

were allowed to take the CS 1 course. They noted that 46% of students taking CS 1 did not have
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programming experience, yet those who did have programming experience made up 70% of

the A and B grades in the course. The failure rate, measured by both dropouts and failed grades,

was between 30-35%, and approximately 10-12% of students retook their CS 1 course every

semester. To reduce these issues, they had all Computer Science majors take the preliminary

two-credit course before taking the CS 1 course in the Spring. They also allowed students who

started in the CS 1 course to transfer back to CS 0, if they did it before the first exam. The CS 0

course covered within 15 weeks, what the CS 1 course covered in their first five weeks and at the

same time had lectures focused on how to problem solve. They showed a significant increase of

grades in CS 1 for the students who took CS 0. However, they noted there was a large number of

students who took CS 0 who chose to not continue onto CS 1. So while their conclusions shows

a benefit of CS 0, they wonder if that was due to early filtering of students [34].

In contrast to setting up math prerequisites or even required preliminary courses, Towson

University, opted to have a preliminary exam. Based on the results of the exam, they would

move students to a CS 0 course or they would remain in CS 1. Similarly, they found the place-

ment test to be a good predictor of final grades in the CS 1 course, though they reported getting

the right placement test was challenging. They made changes to it over five years; increasing its

prediction accuracy. The exam focused on pseudo code, and solving programming problems.

Then using the exam, they were able to group students into those who needed CS 0, and those

who would be fine without it. Those who took CS 0, ended up performing better than their pre-

dicted grade in CS 1, which helped increase the overall grades of CS 1 students [35]. While this

helps provide both a measure of student performance, and improves CS 1 grades, it does not

handle the issue presented by Campbell of the high lack of retention between CS 0 and CS 1.

Campbell also noticed, this had a particular affect on gender, with fewer women continuing in

the program even though they had strong CS 0 grades [34].
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2.2.3 Non-Academic Factors Affecting Grades

ACT1 found in a 2004 study, that non-academic factors had a strong correlation with student

success: the academic self-confidence, academic goals, institutional commitment, social sup-

port, certain contextual influences (institutional selectivity and financial support), and social

involvement all having a positive relationship to retention. Self-confidence and goals had the

highest correlation with college GPA as non-academic factors. [36].

Directly related to Computer Science, Wilson showed that comfort level had the highest cor-

relation, much higher than math background. Comfort level was measured based on the like-

lihood of asking questions given certain situations, and perceived difficulty and understanding

of assignments and concepts in class [37]. Alturki pointed out that while there is a correlation,

there is an unknown relationship if that confidence is directly related to grades or the fact they

are confident as they are reviewing subjects they already understood [2]. However, when taking

into account teaching practices that are designed to increase self-learning and self-confidence,

we continue to see an improvement in student performance.

A common technique now utilized in introductory Computer Science

courses is Peer Instruction. A technique that was first used in other fields, such as physics [38]

and biology [39–42], it involves asking students questions, the encouraging them to discuss the

answer with a partner or as a small group before they answer the actual question for a graded

amount. This technique has been developed in many different forms, but it has been shown

to increase student confidence levels as they see they are not the only ones struggling with the

topics. Not only has Peer Instruction been shown to decrease failure rates, it has also been

shown to increase satisfaction with a topic [43–46].

Another popular technique that builds upon social interaction with students, and thus en-

couraging non-academic factors is Pair Programming. In this sense, paired programming is

defined as two students working on a single assignment in a lab environment, often due at the

1ACT traditionally stood for "American College Testing", though the organization is formally ACT. In the papers

surveyed, the term “non-academic factors” was used in the same context ACT uses in their analysis.
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end of the lab. While the method varies, it is common to make sure there is a coder and a guider,

the coder is typing, while the guider provides the algorithm and guides the coder’s actions.

They then switch roles, so both students experience guiding and coding. Pair Programming

has shown that students are more engaged and motivated, higher student confidence, and bet-

ter quality programs/labs which leads to higher pass rates for students by about 10% [47–51].

However, the really strong aspect of Pair Programming is its influence on underrepresented

students, particularly women. In most cases, their retention is close to double, with increased

performance, satisfaction, and enjoyment [48].

Motivation and student performance are often related, and the lack of student motivation

can be a major factor in high failure rates. Nikula et al. conclude that low motivation and im-

mature student behavior is a major problem affecting pass-fail rates, and they seek to introduce

three steps to improve student motivation by: (1) reducing the complexity of the course, or de-

motivators, (2) increasing intrinsic motivators by making assignments more appealing, and (3)

add extrinsic motivators by asking students to submit assignments weekly, rather than all at

once. These three changes increased their pass rate from 44% to 68% [2,21]. While a noticeable

increase, the changes only brought them up to the international average of a 33% failure rate.

In a similar approach, Corney et al. focused on improving student engagement through assign-

ments termed practicals. Students were asked to build larger projects, but in teams throughout

the semester. The projects focused on “real world” examples: such as database programming,

web applications, and even graphics. While already showing a higher than average pass rate of

81%, they did show an increase to a 94% pass rate, dropping the failure rate to 6% [52]. This work

showed that assignments play a critical role in student motivation, with a focus on increasing

student interest in the topic.

2.2.4 Interest Based CS 0 and CS 1

To increase diversity, inclusion, and motivation for students universities have turned to-

wards “interest based” CS 0 and CS 1 courses. Between 1995 and 2000, Carnegie Mellon Univer-
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sity (CMU) went from 7 to 42 percent women in their program and continues to be high today.

Given that the average percent of women in any program in 2019 is 20.8 percent [53], CMU

has led the charge in gender inclusively within Computer Science. The areas in which CMU

changed are as reported. (1) Change the culture by emphasizing there are multiple ways to be

a computer scientist. The idea of hacker culture was a deterrent for many, especially women.

Faculty were especially challenged to bring diversity questions into their research and their dis-

cussions with students. (2) Update curriculum to focus on computing in context. It is argued

that science must be in the context of their social implications. They concentrated on bring-

ing in interdisciplinary courses focusing on both programming and diverse problems, added

an undergraduate concentration in human computer interaction, and worked with non-profit

groups for projects. (3) They created multiple entry points for students with all different cod-

ing backgrounds, this includes adding CS 0 style courses and courses focusing on prior and

non-prior programming experience. (4) They encourage faculty and staff to pay more atten-

tion to good teaching and good teaching practices. They reported that confidence for women

is closely linked to teaching pedagogy, and their relations with faculty. (5) Departments need

to focus on building in support for confidence issues. They point out it may be ideal to bring

in cognitive psychology studies in the future, with a primary focus on educating all students in

the department about their comments and actions that could be causing a toxic environment

for women [54].

Harvey Mudd College (HMC) revamped their program in 2006 with three target areas. These

changes stemmed from them having about 19 percent women: this included those who were

majors, interested in becoming majors, or just simply taking an additional CS course; increasing

to 51 percent by 2008 who were either majors or interested in majoring in CS. The three initia-

tives they implemented were using the Grace Hopper Celebration (GHC) as a means of recruit-

ing, and not retention. Most notably, they spent funds on sending non-majors who were taking

their introductory Computer Science course to GHC. They introduced undergraduate research

experiences for women, focusing on students with little programming experience. Most no-
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tably, the research experiences focused on students who had completed only the introductory

programming course, and the primary change they made was to the introductory CS courses.

They revamped their course to be broken up into interest based courses based on the majors

taking them. For example, biology takes a course more focused on biology interests, but with

a heavy emphasis on how Computer Science influences biology. They made the course more

breadth oriented while changing the language to Python. When they surveyed the students, for

both males and females, the change to CS 1 was the primary influence in them changing majors

to Computer Science [55].

While both CMU and HMC focused on overall program revamps with an emphasis of changes

in CS 1, Cal Poly focused their changes to CS 0, as all students are required to start in CS 0 unless

they specifically have previous college credit in programming. In “Mixed Approaches to CS0:

Exploring Topic and Pedagogy Variance After Six Years of CS0” the authors review the changes

they put in place and how the different interest based courses worked out, including mapping

to different teaching styles and techniques.

Cal Poly focused on six different versions of CS 0, and studied the results across six years. The

six courses are based on the CSC 123 curriculum. The common principles of the 123 curricu-

lum are: equal participation, basic learning outcomes focusing on computing fundamentals,

software development process, team-based learning, student mentoring, applications with ex-

ternal clients, and all courses will use the same grading scheme. Their focus was to promote

academic self-confidence, motivate students, and encourage social support [56].

By the end of the six years, they listed their common principles as: context based introduc-

tion to computing, project based learning, learn by doing via lab work, group work, relating CS

topics to real-world problems, and individual creativity in assignments. The courses did vary a

bit more by the end of the six years, but the overall goal remained the same; teach students a bit

of programming, get them excited, encourage self-confidence and motivate them before they

take CS 1 [4].
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Each of the six courses had a different focus and slightly different pedagogy. For example,

Computational Art focused on topical introduction of topics as they relate to art. While learn-

ing about loops they explored the artistic principles of texture, as well as the art movements

of pointillism and impressionism. Each course type is paired with their pedagogical methods

based in Figure 2.1 [4].

Figure 2.1: Cal Poly CS0 course pedagogy used by interest topic. Stars indicate a predominantly impor-

tant pedagogy used, while check marks denote somewhat important in their teaching the course. This

figure is a copy of table 1 as listed in [4].

Looking at Figure 2.1, the stars indicate techniques the instructors felt were predominantly

important in their course, while the check boxes indicate techniques that were somewhat im-

portant.

When looking at measuring their results, they focused on overall grade comparisons, reten-

tion numbers, and student surveys. In their initial results, they showed that those who took CSC

123 increased their grades by 10% in CS 1 while reducing the number of students failing. They

saw a 12% increase in the number of students taking CS 1 [56]. After six years, they showed the

5 year graduation rates increased from 51.7% for CS majors to 66.7% by their second cohort.

They showed an increased pass rate in their CS 1 course while also looking at the GPA distri-

bution. While the music focused CS 0 course had a slightly higher GPA distribution, there was
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not a significant difference between the “flavors” of CS 0 courses the students took and their

performance in CS 1 and CS 2. From their survey data, they found that those who took CS 0 first

had a 10% higher rate in their excitement based on those who marked strongly agreed to being

excited for Computer Science after taking CS 3. However, even with students taking CS 0 they

found Computer Science to be “harder” and “more antisocial”. Overall, Students find Computer

Science hard, but those who took CS 0 are more motivated to succeed [4].

The strength of Wood et al. is that they are able to show even with a variety of techniques

and a variety of interests, students perform better. They will go on to state that the existence

and goals of a CS 0 course matters more than specific content or even pedagogy [4]. Looking

at their work, the goal is important as the overarching goals of their CS 0 courses are uniform,

with an emphasis on promoting student self-efficacy, motivation, and excitement. These are

the same non-academic factors that show prominence in the work presented by Watson [37],

and is then supported by teaching techniques that all promote student self confidence; such as

peer instruction and pair programming. Wood et al. are not alone in promoting interest based

CS 0 courses that encourage student self-efficacy, and it is clear there is a benefit to a CS 0 course

that encourages students to be interested in Computer Science [57–62].

2.2.5 Another Measurement

Alturki presents an extensive review of Computer Science education, as the context of their

work is focused on measuring student performance. Most of Computing Education is focused

on improving student performance and most of the papers reviewed use the following tech-

niques as standard for the field: grade changes between cohorts, exam results, and student

opinion surveys. Alturki presents another way to measure performance that is focused along

the line of assignments compared with grades. Their goal was to discover a correlation between

assignment grades within a single course. Their course was broken up into the following cate-

gories for assignments: quizzes, assignments, midterm, labs, and final exam. The weights for

18



each category are shown in Table 2.2, with different course sections having slightly different

weights [2].

Table 2.2: Data presented by Alturki on point distribution between assignment groups [2].

Assessment Method Period 1 Period 2

Quizzes 10% 10%

Assignments 10% 0%

Midterm 20% 20%

Labs 20% 30%

Final Exam 40% 40%

The way they measured the relationship is by generating a difference score for each cate-

gory. For example, if a student earned 100% on their quizzes, but only 95% on their assign-

ments, there would be a 5% deviation between the two. Across all students you can calculate

the average deviation. Ideally, if assignments were good predictors of exams, the deviation value

would be low. If they are poor predictors, the deviation value would be high. Comparing assign-

ment groups, Alturki found that midterm exams were great predictors for the final score in the

course [2].

When comparing assignment categories, knowing which changes helped influence the fi-

nal score in the class helps with understanding which categories work best for helping students

retain information, and also these early indicators can help with interventions for students.

While this comparison may seem to be a performance comparison like the papers reviewed,

the actual performance of the students doesn’t matter. What matters is how variable that stu-

dent performance is between assignments, and if assignment types are good indicators of final

grades. The downside of Alturki’s work is that in addition to comparing assignment categories,

they compared categories against the final score in the class. While one may assume that is a

natural extension, the problem comes in when the weight of the assignment groups affect the

final score for the course. As such, Labs and Midterm are going to have a high correlation with

final grades by the nature of the category weights. They concluded that midterms are the nat-
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ural indicators for final grade performance, but this is also due to the extra weight applied to

exams, especially the midterm. Overall, Alturki has an impressive literature review covering an

extensive background defining Computer Science education as the means in which one makes

changes to courses to improve student performance and retention, but whose way of measuring

that performance while a way to look at the course from within instead of student performance,

fails to define a way to normalize the weights between the groups and the final grade.

The research indicates that Computer Science can be difficult for students, and if motivat-

ing students and encouraging confidence and self-efficacy are essential skills for learning Com-

puter Science, what grounding is there for these techniques within education and psychology?

Is the goal in CS 1 not only to teach the programming, but also teach students a different way of

thinking and looking at the world?

2.3 CS 1: Teaching Students Different Ways of Thinking

To be successful in Computer Science, it is believed that the development of specific cogni-

tive skills, including metacognition, and self-regulation [63] and self-efficacy [64–66], are essen-

tial to success. Including the development of these skills, programming itself is an inherently

cognitive endeavor [67]. VanDeGrift et al argue that it is the job of CS faculty to teach both

programming and metacognitive skills [68]. Malmi et al. focus on the importance of building

a better theoretical understanding of how students learn and understand computing concepts

and processes. They categorize papers into 65 different theoretical constructors, grouped into

11 different focus areas, as teaching constructs within Computer Science. Phenomenography,

qualitative research on student experience, was the most common research method used to

develop a theory, with most theories attempting to model the rich relationship between stu-

dents and computing concepts [69]. However, it was noted by Prather et al. that while there is a

tradition of co-occurrence of metacognition and self-efficacy in computing education, the re-

view done by Malmi et al. did not have papers on metacognition and self-regulation. Motivated

by this gap, Prather et al. provide a review of literature that mentions metacognition and self-
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regulation specifically published within the ACM Special Interest Group in Computer Science

Education (SIGCSE) context. They chose the SIGCSE venue as a means to narrow down their

search to papers focused specifically on teaching Computer Science [70].

Defining metacognition as the ability to describe knowledge about one’s own cognitive con-

trol, including strategies that are successful or unsuccessful to learning, monitoring emotions

and self-efficacy, evaluating feedback, and defining self-regulation as the process in which one

executes cognitive control, Prather et al. admit the terms are interlinked between knowledge

and practice. While not directly stated, they reference the ability to develop self-efficacy within

metacognition and self-regulation. Their survey originally looks at 2531 papers across all ACM

publications, 357 papers within the SIGCSE group, and then refined that number to 214 pa-

pers across the following range of venues: ACE, ACSE, CompEd, FDG, ICER, ITiCSE, Koli Call-

ing, SIGCSE, WCCCE, and WiPSCE. The 214 papers were grouped into passing, peripheral, and

depth categories with passing referencing papers that only mentioned the terms briefly, pe-

ripheral discussing the terms and their relationship to Computer Science, but are not used to

support methodology or interpret results, and depth treating metacognition and self-regulation

as central themes to the paper. The papers were broken up into group A, B, and C with each

group evaluated by two of the six authors of the survey paper, and during this process, seven

more were removed due to misuse of the terms in the context of their search, leaving a total of

207 papers. Passing papers consisted of the majority at 123. Peripheral papers consisted of 53

papers, and depth papers consisted of 31 papers. They also noted that a flaw in their potential

study was that they were missing papers that talked about self-regulation and metacognition,

but did not use the terms explicitly citing a paper written by Prather et al. that was excluded

early on in the process due to the lack of key word use. They felt this was a rare case and not

enough to affect the overall validity of the survey. While their earliest paper dated back to 1978,

half the papers (106) were published within the past five years, and the greatest amount pub-

lished in 2019 (35 of the 207 papers). This shows an increased interest in Computer Science and

how it relates to metacognition and self-regulation [70].
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Prather et al.’s review took a high level overview of the passing and peripheral papers focus-

ing on the general theories of metacognition and self-regulation used, along with the types of

measures used to determine metacognitive growth. They then focus on the pedagogical tech-

niques used within the depth papers.

2.3.1 Measuring Metacognition and Self-Regulation

Models to measure metacognition and self-regulation have evolved over the years, and there

is not a set evaluation measure. Prather et al. provide summaries of the seven assessments used

across the papers they survey. The seven techniques are:

• Motivated Strategies for Learning Questionnaire (MSLQ) by Pintrich and De Groot [71].

• Classroom Assessment Techniques (CATs), in particular Recall, Summarize, Question,

Comment and Connect (RSQC2) and Muddiest Point by Angelo and Cross [72].

• Self-Efficacy Scales by Ramalingam and Wiedenbeck [65].

• Self-Regulation Questionnaires by Ryan and Connell [73].

• Student Perceptions of Classroom Knowledge Building (SPOCK) by Shell et al. [74].

• Epistemological Beliefs Questionnaire (EBQ) by Schommer [75].

• Achievement Goal Framework Questionnaire by Elliot and McGregor [76].

Used across 11 different studies, the Motivated Strategies for Learning Questionnaire (MSLQ)

was the most commonly used measurement in the literature. The first version of the ques-

tionnaire was published in 1990 by Pintrich and De Groot with the goal of analyzing student

performance in STEM disciplines. The questionnaire has 44 questions broken up into the cat-

egories of Self-Efficacy (9 questions), Intrinsic Value (9 questions), Test Anxiety (4 questions),

Cognitive Strategy Use (13 questions), and Self-Regulation (9 questions). Self-Efficacy, Intrin-

sic Value, and Test Anxiety are then grouped together for gauging student Motivational Beliefs,
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and Cognitive Strategy Use and Self Regulation are grouped together in Self-Regulated Learning

Strategies. The categories are meant to be used either together or independently, and students

answer on a 7-point Likert-type scale from “not at all true of me” to “very true of me” [71]. A

later work, went from the seven groups to nine groups: Task Value, Self-Efficacy for Learning

and Performance, Test Anxiety, Rehearsal, Elaboration, Organization, Metacognition, Time and

Study Environment Management, and Effort Regulation [77]. A critique proposed by Leppä-

nen et al. is that MSLQ is subject to construct validity threat, in that MSLQ may measure what

students think they do, rather than what they actually do [78].

Classroom Assessment Techniques (CATs) refer to a collection of strategies. RSQC2 com-

bined with Muddiest Point was used to bring elements of metacognition into courses. For

example, RSQC2 provides a structure for asking questions to encourage students to elaborate

upon information they have learned in lectures. Muddiest point has students identify parts of a

lesson they found unclear. For comparison sake, while MSLQ was found in 11 papers, only two

papers reviewed used CATs, and CATs was the second highest measurement technique used. It

should also be noted that due to the nature of CATs, one can use them both for teaching and

assessment of the students [72].

Self-efficacy is known to improve student performance in CS 1 [36], and the Computer Pro-

gramming Self-Efficacy Scale [65] was used to evaluate a number of techniques. Student fo-

cused techniques looked at self-efficacy as it related to peer instruction [66].

Self-Regulation Questionnaires (SRQ) were developed for assessing when students act au-

tonomously while performing tasks, and is often customized to specific domains [73]. In Com-

puter Science, Toma and Vahrenhold used SRQ assessment in their exploration of psychological

factors that affect self-efficacy and emotions in collaborative work. They found labs to be a pos-

itive influence on students, especially when allowed to work together and collaborate [79].

The last three assessments were not widely used, but presented by Prather et al [70] as they

were all used once across the papers surveyed. Student Perceptions of Classroom Knowledge

Building (SPOCK) is meant to help develop collaborative learning tools within a classroom.
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Questions are presented which assess student perception and encourage student reflection on

their learning habits [75]. Epistemological Beliefs Questionnaire (EBQ) is an instrument used

to measure both teacher and student beliefs about the nature of knowledge and its acquisition.

The areas looked at are: (a) “Knowledge is simple rather than complex”(Simple Knowledge),

(b) “Knowledge is handed down by authority rather than derived from reason” (Omniscient

Authority), (c)“Knowledge is certain rather than tentative” (Certain Knowledge), (d) “The abil-

ity to learn is innate rather than acquired” (Innate Ability), and (e) “Learning is quick or not

at all” (Quick Learning) [75]. The Achievement Goal Framework Questionnaire looks at build-

ing mastery-performance in a 2x2 framework: mastery-approach goal, performance-approach

goal, mastery-avoidance goal, and performance-avoidance goal. The 2x2 framework provides a

different approach to competence-based self-regulation [76].

2.3.2 Theories and Pedagogical Approaches

Prather et al. references 11 theories of metacognition that are used throughout the papers

they evaluated. They group them into three groups. Motivational theories contain self-efficacy

theory, which affects strategy use and coping mechanisms, mindset theory which focuses on

strategy selection, goal oriented theory in which self-regulation focuses on beliefs and progress

towards goals, temporal motivation theory which focuses on setting behaviors and reducing

procrastination, self-determination theory focused on both intrinsic and extrinsic motivators,

and control-value theory of achievement emotions which affects learning strategy planning and

regulation. Cognitive theories contain cognitive development theory in which planning is not

possible until later stages of development, and cognitive load theory in which learners need

resources to use metacognitive knowledge. Social theories include model of school learning in

which generalized skills affect time to complete tasks, social learning theory in which cognitive

tasks are difficult to learn as they are not visible in others, and cognitive apprenticeship in which

control is learned as part of skill development [70].

24



Not mentioned in their theory grouping, but mentioned as a theory representing metacog-

nition and self-regulation is Revised Bloom’s Taxonomy [80]. Bloom’s Taxonomy [81] was origi-

nally designed for learning objectives, but was later revised to include metacognition and self-

regulation as an added dimension learners can develop. In a work missed by Prather et al. due

to the lack of explicit words they used in their initial search to find papers, Thompson et al.

use the revised Taxonomy in relation to Computer Science, and the importance of developing

cognitive skills related to programming. Within the Bloom’s categories, Thomas et al. provide

the following examples. Remember is defined as ‘retrieving relevant knowledge from long-term

memory’, which when related to programming is identifying code and knowledge, and recall-

ing material as presented. Understand is defined as constructing meaning from instructions.

Thompson et al. use converting algorithms from plain English to code and vice versa as an ex-

ample of understanding. Code tracing would fall into this category. Apply is using a procedure

in a given situation, applying and writing of programs is applying their knowledge. Analyse is fo-

cused on breaking material into smaller parts. This means taking problems and breaking them

into smaller parts, also program design between classes and methods.Evaluate code is going

beyond just seeing how it works, but more about how it can work better than its current form.

Create is focused on constructing code segments. While these are high level categories, Thomp-

son et al. found the explicit use of the taxonomy forced them to evaluate their work, including

exams, and that it helped them define their own cognitive process in addition to the students’

process. They were able to use certain wording to invoke certain cognitive processes [82]. It

should also be noted that create is one of the highest elements in Bloom’s, but often one of the

first things instructors ask of students in CS 1.

The real strength of Prather et al.’s work, outside of providing a high level overview of metacog-

nitive and self-regulation research, is providing a series of pedagogical themes that show up in

the more in depth research. The weakness of their paper is that these themes are more self-

selected, instead of themes already presented in psychology. The themes presented by Prather

et al. are reflective activity after assignment/exams, reflective activity as a structured assign-
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ment, visualizations, in-process scaffolding, active learning, and awareness (of procrastination

/ time management). Three of the themes listed were evaluation of themes more than peda-

gogical themes: behavior surveys, standardized tests, and data collection. Though the last three

could be used as a means to develop a pedagogy [70]. Each of these pedagogical approaches,

while categorized differently, will be addressed in more detail in Sections 2.4.1, 2.4.2, 2.4.3, and

2.4.4.

In conclusion, Prather et al. highlighted the central themes of their survey [70].

• Metacognitive knowledge is difficult to achieve in domains about which the learner has

little content knowledge.

• Metacognition and self-regulation are often directly related to self-efficacy, and self-efficacy

is often directly related to performance. However, the direct link between cognitive con-

trol and performance is weak.

• Self-report measurements of cognitive control, such as the MSLQ, often measure what

students think they do, rather than what they actually do.

However, they also found the definition of self-regulation and metacognition is loosely used

within Computer Science, and they encourage the field to settle on a standardized definition.

They recommend the use of multiple measurements, and the mapping of practices onto the-

ories [70]. It is in this last aspect that their paper is weakest. While they provide the theories,

it would have been stronger if they linked the pedagogical techniques with the explicit theory.

Instead they list theories, but there is a decoupling of the techniques which is counter to the

conclusion. Overall, the paper provides a very strong introduction to metacognition and self-

regulation in the context of Computer Science.

One aspect in which there could have been improvement is the grouping of the pedagogical

themes. While Prather et al. makes reference of specific techniques common in learning and

memory research, they fail to address those techniques directly as themes. However, within

psychology, there are techniques that are often grouped together.
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2.4 Improving Learning Efficiency

There is a long history with memory research, dating back to the Seminal 1885 work of

Ebbinghaus [83–85]. Recent studies in memory research have focused on developing prac-

tices that can be applied to real-world educational problems. Most notably, if a student is in

a situation that promotes memory and recall, the more efficient they learn and retain new ma-

terial. This learning and maintaining should not be confused with simple memorization, but

instead the overall aspect in which they process information. Schwartz et al. present four broad

principles of memory improvement: (1) process material actively, (2) practiced retrieval, (3)

distributed practice, and (4) use metamemory [85]. A related book, “Make It Stick” encourages

readers to use psychology to improve retention of material, presenting eight different practices

to improve memory: retrieving, spacing, interleaving, elaboration, generation, reflection, cali-

bration, and mnemonic devices [86]. Of these eight, five of them are heavily repeated in cog-

nitive science literature. These five are highlighted by Roediger et al. as spacing, interleaving,

practiced retrieval, elaboration, and reflection [84].

While Schwartz et al. and Roediger et al. utilize different themes for improving memory ef-

ficiency, there is noticeable overlap with only slight differences in the naming schemes: active

learning maps to elaboration, practiced retrieval maps directly, distributed practice is a com-

bination of spacing and interleaving, and metamemory has reflection and metacognition at its

center. In the literature, Roediger’s listing of the learning techniques is more popular, so while

the next four sections will follow the Schwartz et al. wording, they will be grouped as Roediger’s

themes within Schwartz’s broader categories. A downside to Schwartz et al. is that their group-

ings may be slightly too broad, though the general principles are sound and well supported by

the literature. The works reviewed by Prather et al. [70] will be grouped at the end of each sec-

tion as a way to relate what is currently being done in Computer Science in relation to learning

efficiency.
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2.4.1 Active Learning

Active Learning often involves asking students to elaborate on the topics they are learning

in lecture. Elaboration is about asking questions about the topics and seeking answers to those

questions. Another way stated, it is the “why” question. Why does something work the way it

does, and then seeking the answer to the why question. It is also about developing a body of

information based on course content in which the student is forced to seek answers not readily

given in the course. Elaboration has been shown to help with both retention and understanding

of material [87]. The downside of elaboration is that it slows down reading content, adding

additional time requirements on the student to seek answers to the “why” From the student’s

point of view, it is hard to see the need to dive deeper when balancing multiple classes and

time constraints if they are not presented with the benefits [84]. However, that does not have to

be a limiting factor with elaboration. Schwartz et al. point out there are many aspects to active

learning, including word-associations when pairing, preparing to teach someone the topic they

just learned, whether they teach it or not, and others. The goal is that when students think

deeply about topics, relationships and organization, they will learn more than taking a passive

approach to education [85].

Within Computer Science, peer instruction [38,43–46,66] and pair programming [47–49,51]

are both methods of active learning. Bagley and Chou found that deliberate collaboration was

important for student metacognition and understanding. They found it was most important at

the brainstorming stages, allowing students to intentionally brainstorm together is also a form

of active learning. Females responded particularly well to the encouragement to collaborate

either in groups or via a mentoring relationship [88]. Kirkpatrick et al. used RSQC2 and group

work integrated into an operating systems course, and found improved student outcomes and

readiness to participate. These initial results indicate improved self-efficacy, and their results

show improved grades shifting a course with predominately C grades to a course with predom-

inately B grades [89].
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Visualizations as listed by Prather et al. is another form of active learning, or more explic-

itly, elaboration. They are taking content, representing it as visual representations, and asking

students to dive into that information. Visualization can vary, but the most common one pre-

sented by Prather et al. is the use of visualization when looking at code. For example, when a

student checks in their code, they are provided with a visual representation of the flow of the

code, the layout and other information. Proponents of visualization, such as Yan et al. argue

that setting up visualizations of students’ code put the human element back into CS, as it en-

courages students to discuss their code in a unique manner, and also improves student problem

solving processes [90].

2.4.2 Practiced Recall

Practiced retrieval, better known as testing, is often misunderstood as a means of evaluation

of progress and knowledge in an area. While testing is most definitely used as a means of eval-

uation, the testing effect is a well documented means of enhancing recall and memory. Stated

another way, testing by itself is a way to force memory retrieval which then enhances memory.

Roediger provides an overview of ten different benefits of testing [91]:

• The testing effect: retrieval aids later retention

• Testing identifies gaps in knowledge

• Testing causes students to learn more from the next learning episode

• Testing produces better organization of knowledge

• Testing improves transfer of knowledge to new contexts

• Testing can facilitate retrieval of information that was not tested

• Testing improves meta-cognitive monitoring

• Testing prevents interference from prior material when learning new material
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• Testing provides feedback to instructors

• Frequent testing encourages students to study

Of these ten benefits, only one is about providing feedback to instructors. Furthermore, it is

shown that more frequent low-stakes tests are better than the occasional midterm, encouraging

long term memory retrieval [84, 86, 92, 93]. Unfortunately with testing, it is the least intuitive of

the practices. Students when surveyed often prefer to “restudy” or review material they have

previously studied, such as going over notes, slides and rereading content. It is believed famil-

iarity of content causes the false illusion of knowledge, and students often assume they know

content before they actually know it [85, 94].

There is very little on testing as a means to improve student performance, even though tests

are extensively used within the field. Contrary to the benefits Roediger presented, Watson et al.

analyzed 25 predictors for programming performance, and found the only predictor was self-

efficacy as predicted by MSLQ questionnaire. This leads Watson to encourage less testing [95].

However, this does not take into account the other nine benefits of testing, and the value of

short frequent tests as compared to the midterm style tests used in Watson et al., which could

indicate that proper testing may be useful for student metacognition.

2.4.3 Distributed Practice

As defined by Schwartz et al. “Distributed practice is learning that is spread out across rel-

atively long periods of time rather than massed all at once.” [85]. This is also called the spacing

effect. The spacing effect is one of the oldest findings in experimental psychology dating back

to 1885 with work done by Ebbinghaus [83–85]. There is an extensive body on the benefits of

this research, and Cepeda et al. provide an updated overview of using spacing to enhance recall

[96]. The spacing effect describes the benefit in memory retrieval of topics when those topics

are studied with a gap between sessions. For example, when someone studies a little each night

instead of hours before an exam. The process of forgetting, combined with forced recall of the

topic enhances student long term memory of that topic. In contrast to spacing, most students
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study using massed or blocked practiced, conventionally known as "cramming" [85]. However,

massed practice is the most common, and it is not solely on students as course design can un-

intentionally encourage massed practice. For example, only releasing the study guide for the

exam a couple days before the exam encourages students to study only after the guide is given.

Not leaving time to go back to topics also encourages students to study in blocks and not re-

turn to previous material. However, the benefits between spacing and massed practice are a bit

more nuanced than that, as short term recall is benefited by large block studying. This means

students see immediate benefit, even if long term recall is not there. Schmidt and Bjork showed

that with progressive testing, recall decreased when they studied in blocks as compared to in-

creasing results when students practiced spacing [97]. This leads to the conclusion that massed

practice is better for short term memory and spacing for long term memory. Furthermore, it

has been noted that spacing of material is one of the most powerful methods people can use to

increase long term memory without increasing the total amount of time dedicated to studying.

For example, someone studying an hour the night before the exam, as compared to someone

studying 20 minutes a night for three nights. The individual who studies 20 minutes a night

for three nights will often outperform the person who studies for an hour the night before the

exam [98].

In conjunction with spacing, students are encouraged to interleave topics by including a

variation of topics in a study session. For example, a student who studies math by learning

multiplication and then studies by learning division, as compared to a student who studies

both topics at the same time intermixing what they are learning. It has been shown that inter-

leaving of these topics improves recall in multiple domains, including mathematics [99, 100]. It

is also believed a strength of interleaving is that students are better at discerning and figuring

out the problem, causing fewer discrimination errors [84]. Using the math example, a student

who practices the same type of problem with variation already knows the goal of the problem,

causing them to skip a step in which they have to discern the goal of the problem. Interleaving

the problem types means a student must first discern the goal of the problem, before working
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on the problem. In an ideal world, students combine both interleaving and spacing for all study

sessions, by interleaving topics while spacing out their study sessions.

There is very little on spacing within Computer Science education or interleaving. Simply

put, Computer Science educators tend to follow an unspoken universal norm on the order of

what they teach for CS 1 courses, without much thought in the restructure of that ordering. One

study that looked at spacing within Computer Science was by Leppänen at al. studying pauses

and spaces when students were working on programming projects. They found, contrary to

their expectations, that the longer breaks students took, the worse they did in the course. Their

study only looked at spacing of programming assignments, often week long assignments which

students would spread out coding across the week [78]. It did not look at spacing or interleaving

the course topics, or even intentional studying by use of breaking up study sessions. This leaves

an area open for debate on the benefits or disadvantages of spacing or interleaving when it

comes to the study and application of Computer Science.

2.4.4 Use Metamemory

Metamemory is the one category where Schwartz et al. does not easily coincide with the

rest of the literature. Using metamemory is using metacognition and more importantly self-

regulation as they relate to study habits. Judgements of learning (JOLs) play a major role in

student study habits, or self-regulation. However, like every heuristic-based judgement, they

are subject to systematic bias. For example, students tend to be overconfident, which may lead

them to not studying a topic they need to study, and humans tend to overlook the fact they

forget topics. Just as important as knowing when to study, is knowing how to study, meaning

students know to apply the other techniques listed [85].

Of the four principles, this ends up being the most complicated one, and one could argue it

is overly complicated. The reason why is that the parts that make up metamemory, metacog-

nition and self-regulation, are really broad categories. This causes the question, “What major

techniques improve self-regulation?” In Prather et al. they review a number of themes, but the
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predominate theme is reflection [70]. Reflection is also a primary theme in the Roediger et al.

listing [84].

Reflection or self-explanation often requires individuals to monitor and describe either out

loud or internally their learning process. Going beyond class content, they are asked to ques-

tion their own understanding of the content. How much do they really know? What do they

know, and more importantly, what do they not know? What are ways they can improve? Simi-

lar to elaboration, this strategy requires the student to be an active learner, even when reading

book material. Such practice is known to elicit improved recall and understanding [101]. Even

more, reflection improves applying knowledge to very different problems, termed far-transfer

of information between topics, and was studied within mathematics. Wong et al. gave students

questions to ask while reading. Those in the questioning group performed better than those in

the standard group when applying their knowledge to related domains that were not yet covered

in studying [102].

The benefits of reflection after exams and assignments has been extensively studied in Com-

puter Science Education, with noticeable benefits to student performance. Common areas are

broken up into reflection activities as part of another assignment or exam, and reflection as sep-

arate assignment in the course [63,70,103–107]. Kann et al. confirmed that going beyond reflec-

tions with discussions about those reflections actually improves both their reflections and their

future coding activities [108]. Beyond school, students who are encouraged to reflect on their

learning, will have an advantage in their related Computer Science professional careers [109].

Overall, there are many benefits to reflection, and while not the silver-bullet [110], teaching

and having students reflect is a very strong tool used to promote Metamemory, metacognition,

and self-regulation for students.

2.5 Conclusion

Learning Computer Science can be a difficult endeavour, especially with the current expec-

tations placed upon students. This literature review defined CS 1 as the primary introductory
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course for most students entering the major with nearly a universal standard of topics taught,

but an analysis of variables for performance showed that sometimes taking a CS 0 course first

is better. A further analysis of variables and best practices, showed that even after thirty plus

years, the failure rate in Computer Science remains high. As such, instructors need to turn to-

wards models of learning that are specific applications applied to Computer Science of well

known educational techniques and cognitive models. These models help instructors promote

metacognition and self-regulated learning, both of which are tied to understanding Computer

Science and problem solving. Last, this review detailed four major areas in memory research

that are being applied to education, and how Computer Science currently uses those areas to

improve performance.

Of the topics and techniques listed, there are two major areas that show gaps: distributed

practices of topics taught, and practiced retrieval as a means to improve recall. Furthermore,

most techniques have been applied as additions to the current CS 1 structure, commonly ac-

cepted as the standard structure to teach introductory programming. Instead, a challenge

would be to take these learning practices and redesign a course around all of them as a unit,

causing an introductory Computer Science course to focus on teaching students both what to

learn and how to learn.
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Chapter 3

Current Courses At Colorado State University

Fall 2016, Colorado State University launched redesigned CS 1 and CS 2 courses. These

courses were redesigned to match the CS 1 and CS 2 recommendations by the CS2013 Ironman

Draft while also fitting in with the department guidelines. After the first year, they found the

changes called for the development of a CS 0 course, and over the last three years, they have

made changes to better the courses. Section 3.1 highlights the changes originally made to CS 1

and CS 2 with an analysis of the initial success of those changes. Section 3.2 details the need for

a CS 0 course that was then first implemented in Fall 2017, and some questions that developed

based on those changes.

3.1 CS 1 and CS 2: Fall 2016-Spring 2017

Led by Chris Wilcox, CSU redesigned CS 1 in Fall 2016. They took the previous CS 160, CS

161, and CS 220 sequence which had discrete mathematics spread throughout, and redesigned

the intro course sequence to follow the ACM guidelines where discrete math was mainly placed

inside of its own course, which in turn restructured how CS 1 was taught as an introduction to

programming and made CS 2 a data structures course. Over the summer of 2018, Wilcox and

Lionelle analyzed the changes in particular to CS 1 and CS 2 [3].

3.1.1 CS 1 (CS 163 and CS 164) Performance

CS 1 was broken up into two sections with identical content, but targeted different audi-

ences. Most notably, CS 163: Java (CS1) No Prior Programming targeted students with no prior

programming experience, while CS 164: Java (CS1) Prior Programming targeted students with

limited programming experience. Students were allowed to self select, though their advisor

would encourage placement during a summer orientation discussion with the students. The

reason for the split was to follow what they witnessed being done at other universities, most
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notably to reduce the intimidation factor when students who have programmed before are an-

swering questions in a room with students who are seeing the topics for the first time. After

students completed CS 1, their next course in the sequence is CS 165:Java (CS2) Data Structures

and Algorithms. The two student groups are combined, with the assumption they both have

the minimal levels of programming needed for CS 165.

While the two courses were for different audiences, encouraging different types of discus-

sion, the content of the courses were exactly the same including assignments, labs, website, and

other course materials. For their study, the instructor remained fixed not only for CS 1, but also

for CS 2. The instructor, Wilcox, was the designer of the new course sequence. The topics cov-

ered on a weekly basis can be seen in Table 3.1. They follow the chapter order in Introduction

to Java programming and data structures by Liang [111], though they made ample use of Zy-

books for java. Furthermore, Wilcox adopted techniques recommended by previous literature,

including:

1. Adding Intrinsic and Extrinsic motivators by modifying assignments and labs [2, 21].

2. Emphasis on CS Culture not being the “coder in a cubical” [53].

3. Interesting Assignments, often showing off graphics or other more advanced topics [52].

4. Peer Instruction plays a major role in the course design [43–46].

When comparing the groups of students, Wilcox and Lionelle found that the CS 164 stu-

dents significantly out performed the CS 163 students in quizzes and exams, while 163 students

did better in labs, programs and assignments, but not with any statistical significance. Fur-

thermore, Wilcox believed the nearly identical scores for labs, programs, and assignments was

connected to the extensive use of help desk, an on-campus tutoring service, and potentially

plagiarism [3]. Detailed in Table 3.2, the greatest difference was found in the course quizzes,

where 164 students scored 10.52% higher than their CS 163 counter parts. Furthermore, 34%

of the CS 163 students either withdrew from the course or earned a grade of D or F. Since CS

165 requires a C or above in CS 1 (CS 163 or CS 164), a D would be considered not passing the
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Table 3.1: Schedule of topics for Fall 2016 Course Syllabus

Week Topic

Week 1 Computers; Program; Java

Week 2 Java Variables; Data Types; and Expressions

Week 3 Selections/Booleans/Conditionals/Switch Statements

Week 4 Mathematical Functions/Characters/Strings

Week 5 Control Loops

Week 6 Methods and Parameters

Week 7 Single-Dimensional Arrays

Week 8 Multi-Dimensional Arrays

Week 9 Classes and Objects

Week 10 Exceptions and File Input/Output

Week 11 Abstract Classes and Interfaces

Week 12 Recursion

Week 13 Collections and ArrayLists

Week 14 Sorting and Complexity

Week 15 Evolution of a Software Engineer

Week 16 Final Exam

course from the perspective of students moving forward. In contrast, 26% of CS 164 students

either withdrew or earned a D or F grade. Grade comparisons can been scene in Table 3.3.

Not mentioned in the Wilcox and Lionelle paper is the affect of grade differences on the

weighting of each category, a similar issue expressed with Alturki’s research [2]. 70% of the

students grade was made up exam style assessments: quizzes (20%), midterms (30%), and final

exam (20%). These are the three areas that CS 164 students did better than their counterparts

in, which means they had more experience recalling the information than those who did not

have previous programming experience. This would also mean their performance with recall

helped them have a higher overall grade. Simply stated, the correlation with students having

higher overall all grades was introduced by the weighting of the exams.
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Table 3.2: CS 163 vs CS 164 Grade Area Comparison.

Table modified with permission from [3].

CS 163 Average CS 164 Average CS 164- CS 163 T-Test Values

Samples 200 94

Programs 82.00 81.32 -0.68 t = 0.24, p = 0.79

Labs 90.85 89.76 -1.09 t = 1.30, p = 0.45

Peer 84.60 83.83 -0.68 t = 0.35, p = 0.67

Quizzes 72.38 82.89 10.52 t = -3.82, p = 0.01

Midterm 1 75.39 81.33 5.94 t = -2.44, p = 0.01

Midterm 2 69.36 74.82 5.47 t = -2.21, p = 0.02

Final Exam 68.32 74.99 6.67 t = -2.91, p = 0.01

Total 77.07 80.31 3.24 t = -1.68, p = 0.04

Table 3.3: CS 163 vs CS 164 Final Grade Comparison.

Table modified with permission from [3].

Grade CS 163 Count (Percent) CS 164 Count (Percent)

A 45 (20%) 38 (37%)

B 59 (26%) 27 (26%)

C 45 (20%) 13 (13%)

D 34 (15%) 10 (10%)

F 17 (8%) 6 (6%)

W 24 (11%) 10 (10%)

3.1.2 CS 2 (CS 165) Performance

While the differences in grades between those with more experience and those without ex-

perience is not surprising, the student performance in CS 165 was unexpected for the depart-

ment. Most notably, by the end of CS 165 there was not a distinct difference between the stu-

dents. This means no matter the background, in our program students often catch up with

each other by the second semester with equivalent performance. This became a selling point

the advisors would share with students who often felt intimidated joining the program with less

programming experience, and they were encouraged to stick it out through CS 2 as they will see

results.

The experiment was setup with two sections of CS 2, with Wilcox teaching both sections.

Students opted what section they took, and there ended up being a random sampling of CS 163
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Table 3.4: CS 163 students vs CS 164 students Grade Area Comparison in CS2.

Table modified with permission from [3].

CS 163 Average CS 164 Average CS 164- CS 163 T-Test Values

Samples 86 67

Programs 86.25 84.69 -1.56 t = 0.58, p = 0.56

Labs 92.51 90.14 -2.37 t = 1.05, p = 0.29

Peer 85.19 83.78 -1.41 t = 0.49, p = 0.62

Quizzes 85.97 87.43 1.46 t = -0.53, p = 0.59

Midterm 1 81.21 82.69 1.48 t = -0.79, p = 0.43

Midterm 2 81.43 84.72 3.29 t = 1.59, p = 0.11

Final Exam 84.10 86.07 1.97 t = -0.63, p = 0.52

Total 84.46 85.00 0.54 t = -0.27, p = 0.79

and CS 164 students in each section. Results were from the two sections combined without

a bias of grades between the sections. Table 3.4 details the results of the course performance

on different assignment categories. Most notably, by the time students finished the course the

average difference between CS 163 students who took CS 165 and the CS 164 students who

took CS 165, was 0.54%! Just as importantly, none of the differences were significantly different,

though similar to CS 1, students in CS 163 showed slightly better results on labs, assignments,

and peer instruction activities while CS 164 students showed better testing performance.

In addition to looking at all students, the study looked at performance based on the self-

identified gender of the students. They found for CS 164 grades, women significantly out per-

formed their male counterparts in almost all areas with their average final grade being 85.39%

compared to 79.63%. This same group of women also out performed everyone in CS 2, with

their average grade being 88.22% compared to 84.44% for the CS 164 males who took CS 2. In

contrast, in CS 163, the women were slightly lower than their male counterparts, but not at a

significant difference. They had an average of 75.51% final grade compared to the CS 163 males

of 77.53%. In CS 2, the difference was even less with CS 163 women averaging 84.05% and their

male counterparts averaging 84.56%. What is most notable about this difference is that for in-

coming students, Colorado State University assigns a selection index. This index is based off

high school GPA and standardized test scores (ACT/SAT), and the university uses the number
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to represent the college preparedness level of the student. For example, Computer Science is a

competitive major, and requires a selection index of 107 just to declare the major as an incom-

ing student, else a student will often get placed into undeclared seeking if they do not meet that

index. The index scores of each group is as follows.

• CS 163 Women Average Selection Index: 122.84

• CS 163 Men Average Selection Index: 117.20

• CS 164 Women Average Selection Index: 117.67

• CS 164 Men Average Selection Index: 118.97

While such scores are notoriously limited in determining student performance [36], it is notable

that the group that had the lowest average grade had the highest high school performance. This

indicates that coding background is more important than other high school experience. Wilcox

also pointed out the confidence level of the student aligned with their final groupings on per-

formance. Most notably of the CS 164 students 67% felt very confident starting CS 164 as tested

by a class survey at the beginning of the course, and 85% of the males felt very confidence. In

the CS 163 groupings, only 38% of the women felt very confident, where as 50% felt very con-

fident. The conclusions we can draw from this is that while the CS 163 women actually have

the strongest academic background coming into the CS 1 sequence, they were both under con-

fident and less likely to perform as well. They are also less likely to take CS 2 after taking CS

1 [3].

3.1.3 CS 1 Retention to CS 2

When looking at the sample numbers, CS 163 had 200 students, but only 86 went onto CS

2, where as, CS 164 had 94 students and 67 went onto CS 2. That means less than half (43%)

of the students who took CS 163 chose to continue onto CS 2, while 71% of the students who

took CS 164 went onto CS 2. When factoring in only 124 students (62%) were eligible in the CS
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163 group to continue on and 76 (80%) of the 164 students were eligible to continue on, we still

show a 19% loss in CS 163 students as compared to 9% loss in CS 164 students.

While we may believe every student should take CS 2, there are still plenty of students who

may not need to take CS 2 based on their major. To better understand this discrepancy, only

Computer Science (CS), Applied Computing Technology (ACT), and Undeclared Information

Technology (USCS) majors were analyzed on who opted to continue onto CS 2. In all three

cases, students had to take CS 2 (CS, ACT) as part of their degree, or they were seeking to get

into the CS program, which meant CS 2 would be their recommendation while they worked on

program entry requirements. It was notable to see that 100% of the CS 164 women who were

CS or USCS majors went onto CS 2. However, there is also a factor of scale, as CS 164 only had

9 women. In contrast 66.67% of CS 163 women who were CS/majors went onto CS 2. Figure 3.1

shows the percent retention across different major groups and CS 163 and CS 164 groupings.

Figure 3.1: Percent retention based on majors declared at the start of CS 1, and how many students chose

to take CS 2.
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The concern with the retention difference is that while students don’t show difference in

performance in CS 2, it was theorized that was due to the intensive “culling” that happens with

CS 1 students in CS 163. Simply, more students are not continuing, so only the better ones

choose to move on. Additionally, given the performance of the CS 164 students, it was believed

it would be advantageous to the department to add a CS 0 course to the curriculum. In Fall

2017, CS 150 was reintroduced to the curriculum.

3.2 Introducing CS 0 (CS 150)

The purpose of CS 0 (CS 150) at Colorado State University was two-fold. It was meant to be

an introduction to our CS 1 course, taught in Java, for students who do not have the algorithmic

/ math background to jump directly into our CS 1 Course, and for other majors who just need

a little bit of programming. The topics were selected to cover the first 8 weeks of our first CS 1

course but across 16 weeks. They can be found in order in Table 3.5. Any new course design was

required to cover these same topics. Furthermore, it was hoped that creating the course would

reduce the number of students who were choosing to not continue the program between CS 163

to CS 2, by creating a pipeline of university students into CS 164 which showed greater success

at filtering students into CS 2. Namely, students who take CS 0 know what they are getting into,

have chosen to continue once, and are more likely to continue to CS 2.

This design was popular, but one problem came up. While students were taking CS 150,

the university shifted their CS 163 retention issue to CS 150, similar to the issue reported by

Campbell [34]. In Figure 3.2 and Figure 3.3 it is possible to compare the enrollment changes.

Most notably, when CS 0 was added in Fall 2017, the number of women in CS 1 in Fall 2017 and

Spring 2018 dropped. It was believed that the percent women would go up in Spring 2018, but

that was not the case. Furthermore, this drop continued in Fall 2019, in which the women (and

men) from CS 0 Spring 2018 should have ideally registered for CS 1 in Fall 2019. At the same

time, the grades in CS 1 did not go up. Instead the course averages remained the same and the

DWF rate remained between 38-34%. This led to the conclusion more work needed to be done
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Table 3.5: CS 0: Fall 2017 - Spring 2018 Design, a very traditional designs

Week Java Topic

Week 1 Introduction, Computer Environments

Week 2 Primitives

Week 3 Primitives

Week 4 Exam and Primitives

Week 5 Conditionals

Week 6 Conditionals

Week 7 Strings

Week 8 Exam and Strings

Week 9 While Loops, Do-While Loops

Week 10 For Loops

Week 11 Arrays

Week 12 Exam and Arrays

Week 13 File I/O

Week 14 File I/O

Week 15 File I/O

Week 16 Final Exam

in CS 150, to make it both a course that recruits students and increases the performance for

students who take CS 1.

3.2.1 CS 0 Redesign: Spiral Design

When looking at CS 0, the department had to ask themselves what was the primary limita-

tion of students moving from CS 0 to CS 1. The issue came down to lack of interesting topics, as

discussed in the interest based versions of CS 0 in Section 2.2.4. Additionally, in the State of Col-

orado, to be part of the General Education requirements for a university (called All University

Core Curriculum at CSU), you also have to fall under the guaranteed transfer pathways, which

allows transferring of General Education credits between universities. It was believed by getting

into that group, it would attract more students, which could add more students taking CS 1 and

CS 2.

This meant any redesign needed to follow three primary concepts:
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Figure 3.2: CS 0 (150) enrollment during Fall 2017 and Spring 2018, following a traditional CS 0 design.

1. Interest Based: CS 0 needed to be more based on inspiring students, and while attempts

were made in the past design (often through movie references), that is not the same as

designing around an interest topic.

2. Similar Concepts: Any redesign had to keep the same topics that were already setup based

on department requirements. Basically, the first 8 weeks of CS 1, needed to be covered in

CS 0.

3. GT-Pathways: Any design needed to fall under a GT-Pathway. While there are a variety of

pathways, Different Ways of Thinking was selected as the most ideal fit.

GT-Pathway: Different Ways of Thinking:

While there are a number of different GT-Pathways, the goal was to fall into the Arts and

Humanities within the university. Across the University categories, this was the best place, as
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Figure 3.3: CS 1 (163 and 164) enrollment during Fall 2017, Spring 2018, and Fall 2018. Enrollment is af-

fected by CS 0 enrollment, ideally going up Spring 2018 and Fall 2018, but enrollment actually decreased.

at the earlier levels, the program is focusing on teaching ways to look at problems, and how to

think about problems. The GT-Pathway Different Ways of Thinking has the following learning

objective requirements that had to be implemented in our CS 0.

1. Critical Thinking

(a) Explain an Issue

• Use information to describe a problem or issue and/or articulate a question re-

lated to the topic.

(b) Utilize Context

• Evaluate the relevance of context when presenting a position.

• Identify assumptions.

• Analyze one’s own and others’ assumptions.
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(c) Understand Implications and Make Conclusions

• Establish a conclusion that is tied to the range of information presented.

• Reflect on implications and consequences of stated conclusion.

2. Diversity & Global Learning

(a) Build Self-Awareness

• Demonstrate how their own attitudes, behaviors, or beliefs compare or relate to

those of other individuals, groups, communities, or cultures.

(b) Examine Perspectives

• Examine diverse perspectives when investigating social and behavioral topics

within natural or human systems.

3. Written/Oral Communication

(a) Develop Content and Message

• Create and develop ideas within the context of the situation and the assigned

task(s).

(b) Use Sources and Evidence

• Critically read, evaluate, apply, and synthesize evidence and/or sources in sup-

port of a claim.

(c) Use language appropriate to the audience

Additionally, internal to CSU, there is the requirement that 25% of the grade comes from

written essay style assignments that include directed feedback on ways to improve the writing.

To accomplish this task, topics listed in Table 3.6 were introduced, all of which had a basic

writing component to them.

It was possible to include the Philosophy and Ethics topics across the other four topics,

which left four major topics of discussion: History, Inclusive Design, Internet/Networking, and
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Table 3.6: Culture based concepts added to CS 0

Topics Description

History CS history and key individuals with a focus on women’s

contributions to the field.

Inclusive Design Moral and Ethical considerations when designing pro-

grams for a wide range of audiences

Philosophy & Ethics Common philosophical and ethical questions that arise

in computer science, such as what it means to be intel-

ligent, syntax verses semantics, understanding language,

and ethics problems such as the trolley problem.

Internet History of the Internet, HTML, basic networking proto-

cols and layers

Security Basic computer security and data privacy. Ethics of data

ownership.

Security. Between the coding topics and the culture topics, that is a lot to cover in a semester. As

the previous model of the CS 0 course was to take a full sixteen weeks on the eight programming

topics, it became imperative to look at not only the topics, but also structure the topics in a way

where less instruction still encourages higher student retention.

Solution: Spiral Design

Psychology of Learning cites the importance of spacing topics to increase recall which is

detailed in section 2.4. As CS 0 is an introductory level course, it was important to build into

the course study techniques for students, using learning psychology to the student’s advantage.

This meant the pedagogy was based on splitting up the eight programming topics into smaller

parts, and then reiterating over each topic, going more in depth on the topic with each iteration.

This “spiral” allowed less time spent on topics but with greater recall on each iteration. These

topics were then combined with the culture topics, with a focus on the coding assignments

informing the student’s understanding of the culture topic. The curriculum for the course is

laid out in Table 3.7.

A traditional teaching model that covers the entirety of a topic before moving on, rarely

builds in the iteration needed that is required by the spiral design. The spiral design allows for a
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Table 3.7: Spiral Design: Spacing topics for better recall

Week Culture Topic Coding Topic

Week 1 History int, double, boolean, char, System.in/out

Week 2 History Methods, Basic if/else

Week 3 History Strings

Week 4 Exam Loops (for, while)

Week 5 Inclusive Design Complex Boolean Logic

Week 6 Inclusive Design String Operations, Methods Continued

Week 7 Inclusive Design Loops Part 2

Week 8 Exam Additional Review

Week 9 Internet / Networking Other Primitive Data types, Binary

Week 10 DNS and Routing Methods and Unit Testing

Week 11 Net Neutrality Arrays

Week 12 Exam Additional Review

Week 13 Operating Systems File I/O

Week 14 Security Concerns Recursion

Week 15 Review Review

Week 16 Final Exam Final Exam

reduction of time spent teaching coding topics, so there was room to introduce new topics. For

example, when introducing primitives, books and most classes introduce all primitives along

with a discussion of memory. The Spiral Design introduces int, double, boolean and char; the

basics needed to build a program. Very basic memory is discussed, but an emphasis is placed

on simply programming. After 8 weeks of practice with coding, and multiple discussions on

memory, introducing the other primitives then went from an entire lecture, to a 15-20 minute

discussion in week 9 as part of a discussion of memory management. As students had already

seen and used primitives before the discussion, less time was spent on both their introduc-

tion, by introducing a smaller subset, and their follow-up discussion as students had a better

understanding going into the discussion. It was also possible to group the course into 4 week

units, each focusing on a different cultural topic, while also changing how the information is

presented. For example, the first time students see code, it is often syntax focused, but the sec-

ond time they see it, they get more visual representations of that code as they have already had

practice with the syntax.
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Spiral Method: Assignment Design

Students had multiple types of assignments which helped with evaluation. Many of these

assignments were designed to teach students good study habits, and also link programs to real

world problems. A focus was placed on providing students with meaningful assignments, more

than simple and fun assignments. The assignments are broken into the following categories

with examples. It should be noted that in the design, students spent two days in lecture and

two days in lab at 50 minutes each. Lectures focused on culture topics with about 10 minutes

towards coding, while labs focused on coding with about 10 minutes relating back to culture

topics. Essentially 100 minutes each week were focused on coding, and 100 minutes focused on

teaching culture topics. This is compared to the 180-200 minutes per week focused on coding

in the previous course design.

• Daily Interactive Textbook Readings:

Due before each class, students were to complete daily interactive readings in a program-

ming text book. These readings were due and graded before the start of class, and often

would take 10-20 minutes to complete.

• Lab Assignments

Lab assignments were about 40 minutes of the 50 minute lab and due at the end of the

lab. They would focus on a related programming topic, and the content of the lecture. For

example, when computing and cryptography in World War II was discussed, the students

programmed a very simple Caesar Cipher in lab with references to the Bombe machine.

• Practical Programming Assignments

These were take home assignments due every two weeks. They were challenging assign-

ments that were parts of a larger program. They were related to class content, and stu-

dents had two parts to each practical assignment: an auto-graded coding assignment,

followed by a reflective writing piece based on the class discussions and programming

assignment. For example, students wrote code to help analyze pay differences across
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genders and ethnic backgrounds in industry, and their writing focused on salary inequity

based on the analysis they generated.

• Discussion Assignments

Every other week, students had a discussion essay style post. The question was based

on the cultural topics in class that week, and students were required to cite sources to

support ideas. After posting, students were required to respond to other student posts.

• Final Project: Data Analysis

For their final project, they would pick one data set to analyze from a number of provided

data sets: temperature change data, major demographics across departments, glacial

melt, and endangered species lists. They were encouraged to pick a set that (1) inter-

ested them, and (2) ideally related to their primary major. Students then worked in pairs,

but not on the coding side. Instead, they were required to pick two different data sets, and

each student had to write code to analyze that data set. They then had to write about both

data sets, encouraging discussion with their partners to learn about the different analysis

they did. Their grade was based on how well they could describe the data sets, with a

section about what students shared in common and different in their code.

• Exams

Four exams were required, all equally weighted. The first three exams contained ques-

tions on both coding and culture topics, and the final exam was only coding based. The

final exam was used across multiple class iterations and designs (both the traditional

method, and the new curriculum) as a means to gauge student coding competency at

the end of the class.

Design-Conquer-Glue

Throughout the entire class, there was an emphasis on problem solving, including the oc-

casional logic problem in class to teach algorithmic thinking. Throughout this process, the

Divide-Conquer-Glue (DCG) problem solving strategy is encouraged as mentioned by [112].
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DCG focuses on presenting a problem, dividing it into smaller parts, solving those parts and

reassembling the parts to solve the problem. To teach DCG, It became necessary to present

methods early on in the course, something the previous course model skipped entirely. Most

assignments were tested on a method by method basis, designing them so each method was

a different, but related problem to solve. Student work focused on the conquer part to start,

and slowly into the divide and glue aspects of programming. With the culture discussion, the

same methodology was used when trying to understand the topic. This focus led to a very spe-

cific "different way of thinking" when presenting and understanding problems. It was found

the discussion easily crossed disciplines, including how to word and write essay papers for the

students who were needing development in those skills.

3.2.2 Concepts Not Changed

Between the old design, and the new Spiral Design, there were a number of factors that were

not changed. Most notably, the time of day and room remained the same, even though it was

a different semester. Furthermore, both courses used zybooks for the coding questions, and

most of the TAs were the same TAs between the semesters. In the end, the same final exam was

used as a means of evaluating their coding proficiency when students completed the course, as

department requirements wanted them at a certain coding level.

3.2.3 Evaluation Methods

While the course maintained the general education requirements for the university with the

cultural topics, it was also a priority to maintain a set number of topics for our majors. This

means students needed to perform just as well at coding tasks from the old design to the new

design. As such, the evaluation was twofold.

• Performance Comparison

Less time can be spent on programming with equivalent student performance based on

final exam score comparisons. Additionally, performance in CS 1 was also evaluated.
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• Retention Goals

If the goal of the new design was to attract students, it is essential to make sure numbers

of targeted student groups (women) are increasing relative to the CS 0 influence.

It was determined that if students were performing equivalent, it would be considered a

success for the department, as equivalence means:

• 50% reduction in teaching coding topics

• Addition of culture / interest topics

• Similar results in coding topics / similar goals met even with reduced teaching time.

It would be a very lofty goal to reduce the amount of time teaching a topic, and expect in-

creased results.

3.2.4 Retention Comparison: CS 0 Old Style vs. Spiral

As retention was the primary motivation for the CS 0 redesign, looking at retention is mea-

sure of success. Does increased enrollment in CS 0, show increasing enrollment in CS 1?

It was found that more students moved onto CS 1 with the Spiral Teaching model than with

the old model with about a 10% increase in the number of female students who moved on. For

Fall 17 (Old Model), there were 86 male students and 28 females students in CS 0. Of those

students, 31 males and 9 females went onto CS 1 in the Spring semester. For Fall 18 (Spiral

Model) there were 77 male students and 35 female students. Of those, 31 males students moved

on, and 15 female students moved on. In both cases, the percentage of students out of the total

students increased in the Spiral Model, with results shown in Table 3.8.

When looking at the numbers across multiple years, Fall CS 0 should be compared to Spring

CS 1, and Spring CS 0 should be compared to Fall CS 1, even though Summer offerings of CS

1 reduce the transition numbers. Immediately after implementing the new CS 0, there was

an increases in CS 1 - Spring 2019, repairing the loss of numbers that were seen when CS 0
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Figure 3.4: CS 0 (150) enrollment over the years. Increasing Spring enrollments are related to non-majors

taking the course.

Table 3.8: Students transitions from CS 0 to CS 1

Men Total Women Total CS 0 Men Taking CS1 CS 0 Women Taking CS1

CS 0 - Fall 17 86 28 31 (36%) 9 (32%)

CS 0 - Fall 18 77 35 31 (40%) 15 (42%)

was first implemented. When looking at Spring CS 1 numbers, a couple points to take into

account. Spring 2020 numbers are lower than they were in practice. Due to COVID, a number of

students were allowed to free drop the course, removing them from the number counts. Second,

about 1/3 of the Fall students are students who do not have the math requirement to get into

CS 1. As such, it is assumed at least 1/3 will move on, as CS 0 can substitute in for the math

requirement. This makes the Fall to Spring numbers harder to narrow down on success, though

we do see increased enrollments over Spring 18, the first semester paired with CS 0. What is
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Figure 3.5: CS 1 (163 and 164) enrollment over the years. Most noticeable is the distinct increase in Fall

enrollments related to an increase in CS 0 Spring enrollments.

more noticeable, is the CS 0 Spring to Fall CS 1, there is a direct increase both in CS 0 and CS 1,

meaning more non-majors are opting to take CS 1 as very few CS majors take CS 0 in the Spring

semester.

Overall, CS 0 continues to act as a means to recruit non-majors, and provide an introduction

to CS students who lack the math background to go directly into CS 1. The question then fo-

cuses on performance. Do students continue to perform as well in CS 0 under the Spiral model?

3.2.5 Performance Comparison: CS 0 Old Style vs. Spiral

Final exams in the 1st year level courses (freshman level / 1xx level) in the department are

computer based, taken in a controlled environment. Students are required to take the exams

on department computers, with heavy system lock downs and multiple TAs patrolling the room.

Exam answers or questions are not released and can be used from year-to-year. This established
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a clear basis for comparison, requiring students to take the same final no matter which version

of the course they took.

Based on exam results, it was found that students all had a similar level of proficiency. This

was compared across Spring 18 (old-method), Fall 18 (spiral teaching) and Spring 19 (spiral

teaching). With 99 students in the old-method and 200 students taking the spiral teaching based

course. The average score for the final exam for the old-model of teaching is 69.8% with the

median score being 73%. The average score for the final exam for the Spiral teaching model is

72.1% with the median score being 76%. This shows roughly a 3% difference in scores. Fall and

Spring spiral teaching based semesters were within 1% of each other. Results can be seen in

Figure 3.6. However, the results are not statistically significant as the p-value is 0.16. While this

is not definitive in that the students are performing similar, it is a good indicator that students

are testing the same at the end of either model of teaching. However, it should be noted that

due to the reduction in teaching time allotted to specifically coding, students performing at a

similar level is notable.

To add to the performance comparison, it was determined that looking at student perfor-

mance in the following CS 1 course, would be a good way to measure students against other CS

0 type courses, as most all students in CS 164 have had a CS 0 course of some sort, and many

have had a CS 1 variation just in a different language. This gave the opportunity to compare

the spiral design students to the other students. It should also be noted that in the traditional

design there was not a difference between students in CS 164.

Looking at Figure 3.7 one can see that CS 0 Students who learned via the spiral design out

perform students who learned via more traditional models of teaching in every exam. While

spiral teaching based students out performed other students between 3-6% on the exams, the

most notable difference was their final score for the class, which includes all programming as-

signments as they performed 8.9% better than their counter parts. The final grade was signifi-

cant with a p-value of 0.008 where p < 0.05. The median grade difference is more pronounced

with a median grade of 87.6 compared to 78.3, giving a 9.5% increase in grades compared to the
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Figure 3.6: Comparison of Exam Scores in CS 0 between Old Model and Spiral

other students. This shows the students who learned via the spiral model are out performing

the other students.

This increase in CS 1 scores is surprising relative to other students who also had CS 0 courses

as traditional studies point out the style of CS 0 doesn’t matter, just that they simply have a CS

0 course [4, 56]. Furthermore, our own research shows that usually by the second semester of

taking a course, students even out [3].

The results from the Spiral Model lead to the primary question: does the spiral model in-

crease performance in the following course, showing lasting retention of material over the tradi-

tional structured model?
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Figure 3.7: Comparing Students who took CS 0 with the Spiral Teaching Model with students who

learned in other programs.
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Chapter 4

CS 1: A Spiral Model Design and Evaluation

With the success of the Spiral Model of teaching, it leads to three salient questions that we

seek to answer.

• Q1: Given that going to spiral allowed us to add content without reducing learning, what

happens when CS 1 is designed around the Spiral Model without adding content? Will

student performance in the current course increase?

• Q2: Given CS 2 is often the great equalizer in student performance no matter their pro-

gramming background, will students who learned via the Spiral Method in CS 1 outper-

form students in CS 2 who learned with the traditional methods in CS 1?

• Q3: Any modern changes should not hurt inclusion and retention of students between

courses, does the Spiral Method at least encourage equal, if not improved retention of

students who come from underrepresented backgrounds to continue onto CS 2 as com-

pared to the traditional method?

In this chapter, the experiment proposal is outlined, with detail given to the design of each

of the course types. The goal is to teach both course types side-by-side in a single semester, and

then measure performance of students in both CS 1 and CS 2 the following semester. Section 4.1

details the design of the traditional CS 1 as it is currently taught at CSU. Section 4.2 details at

length the changes made with the Spiral Design. Section 4.3 details the process of evaluating the

two different types of courses, including both the fixed and dependant variables in the process.

4.1 CS 163 Green: Traditional Design

The traditional design of CS 1, follows very closely the design done by Chris Wilcox in 2016.

Over four years, there have been modifications in some of the content, moving some of it to

58



Table 4.1: Schedule of topics for Fall 2020 Course Syllabus. Changes from Fall 16 are bold.

Week Topic

Week 1 Computers; Program; Java

Week 2 Java Variables; Data Types; and Expressions

Week 3 Selections/Booleans/Conditionals/Switch Statements

Week 4 Mathematical Functions/Characters/Strings

Week 5 Control Loops

Week 6 Methods and Parameters

Week 7 Single-Dimensional Arrays

Week 8 Review Week

Week 9 Multi-Dimensional Arrays

Week 10 Inheritance

Week 11 Abstract Classes and Interfaces

Week 12 Review Week

Week 13 Exceptions and File Input/Output

Week 14 Recursion

Week 15 Sorting and Complexity

Week 16 Final Exam

CS2, and in return, moving some CS 2 content to CS 1. The most notable changes were a recent

update to lab environments, and adding more interest content. The course was also adapted

for a hybrid design due to the influence of COVID-19. For simplicity purposes, the traditional

design will be termed Green.

Table 4.1 details the weekly schedule for the Green section. Similar to the Fall 2016 design, it

goes roughly in the order of the Liang book [111], though new slides had been generated for the

course and it made more use of Zybooks. Liang’s book was marked as an optional book for that

reason even though the order matched. The new slides that were generated were a joint effort

between instructors to bring more active learning and peer instruction opportunities into the

course, along with adding some “interesting topic” discussions that matched the departments’

six concentrations.
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In addition to reorganizing the topics, the presentation of the course was adapted over the

years to make it easier for students to find topics, including making use of module layouts in

the Canvas LMS.

4.1.1 Assignment and Exam Modifications

Over the years for the Green section, the assignments underwent modifications. Most no-

tably, they adopted many of the zybook zylabs as part of the many small programs approach

that was emphasized with the traditional design. Additionally, a student was hired in Summer

2018 as part of a Center for Learning and Teaching fellowship fund to add question banks for

the quizzes. The student helped setup question banks, and mapped banks to learning outcomes

and topics in the course.

Exams were scaled each unit (4 units, 4 weeks each) so that the first exam was worth less

points with increasing points until the final exam. They also added a zybooks lab as a coding

quiz; single submission attempt, as compared to most labs that had unlimited times to submit

for grading. Review weeks were added to help facilitate studying for exams.

4.1.2 COVID-19 Modifications

In order to handle social distancing with a large class, the following changes were made with

the course.

• Pre-recorded lecture videos

The lectures were pre-recorded in shorter chunks, and students had full access to the

lectures all semester.

• Reading Assignment Due Dates

Assignments were modified to have flexible late windows to allow for students with other

commitments.

• On-Campus Labs

Labs were still run on campus, but limited to 12 students per room.
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• On-Campus Help Sessions

Students would attend an on-campus help session once a week led by the TAs. This would

be an opportunity to participate in peer instruction activities and discussions.

• Online Help Desk

In place of the extensive on-campus help desk, it was run online via Microsoft teams.

Hours were slightly modified to include evening hours which were not included in the

past.

Overall, while the hybrid modifications seem extensive, the course simply sought to follow

best practices for building community while still maintaining social distancing practices.

4.2 CS 163 Gold: Spiral Design

The Spiral Design is a redesign from CS 1 basing the design first on the the five techniques

to improve memory recall presented by Roediger [84]. As these techniques are designed around

improving student recall, the course design seeks to build on these techniques as the founda-

tion of the course. The belief is that while one can’t memorize how to code, the recall of topics

they have seen helps them construct their solution again, while reducing the intimidation fac-

tor of not knowing where to start on the problem. The five principles and how they were directly

implemented into the design are as follows:

• Spacing

The spiral design purposely defines “what not to teach, yet”, so students can come back to

the topic later going more in depth. Usually the spacing gap is 2-4 weeks before explicitly

returning to a topic.

• Interleaving

While a traditional design teaches one major topic a week, the spiral design purposely

teaches multiple topics a week.
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• Practiced Recall

The spiral design makes use of knowledge checks or "short weekly quizzes" that students

were encouraged to retake and use both as way to read code, but also practice recalling

information.

• Elaboration

Within the spiral design, elaboration shows up in two areas. The first is the active learning

approach of peer instruction and discussion. The second are the practical projects that

cause students to look at what they are learning in the larger context of industrial style ap-

plications, and to think about the direction they would want to take in CS as the projects

are themed.

• Reflection

One to two times a unit, the spiral design encourages students to reflect on what they are

learning,and how far they have progressed over the semester. This is done at the end of

every practical project.

Each aspect of the design is detailed in the following sections.

4.2.1 Topic Ordering

Similar to CS 150, the topics were reordered to encourage recall. Unlike CS 150, no new

topics were added. The hope is that by reordering the topics, we encourage recall and improved

performance. The structure of the topics can be found in Table 4.2. It is notable that each week

covers multiple differentiated topics to promote interleaving. Then every 2-4 weeks, students

intentionally return to a topic but go more in depth.

The most noticeable difference between Table 4.1 and Table 4.2 is that due to covering fewer

topics, the Gold section was able to visit topics sooner, visiting loops before the first exam. How-

ever, in the long term, the Gold section took a bit longer to get to Interfaces and Abstract Classes

seen in Week 13 compared to Week 11. The Gold section also had two additional weeks of review

week 4 and week 15. These review weeks ended up as catch-up weeks for students.
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Table 4.2: Schedule of topics for Gold Section of CS 1 (Spiral Design)

Week Topic Practical Project

Week 1 Fundamentals (computers, variables, simple types) -

Week 2 Objects, Methods, Strings, Conditionals -

Week 3 Loops, Code Tracing Practical 1

Week 4 Review and Exam 1 Practical 1

Week 5 Data Types, Classes, Common Classes Practical 2

Week 6 Logical Operators, More Loops, More Methods Practical 2

Week 7 Arrays, File Input Practical 3

Week 8 Review and Exam 2 Practical 3

Week 9 File Output, Exceptions, More Classes Practical 4

Week 10 More Branching, 2D Arrays, Introduction to Recursion Practical 4

Week 11 Inheritance, ArrayList, Unified Modeling Language Practical 5

Week 12 Review and Exam 3 Practical 5

Week 13 Abstract Classes and Interfaces, Polymorphic Life Practical 5

Week 14 Recursion, Searching and Sorting, Collections Practical 5

Week 15 Review Week Practical 5

Week 16 Final Exam -

Covering a topic, students had three majors parts that were meant to be done in order: Read-

ing, Lecture, and Knowledge Check. They then followed it up with a lab or practical project

which started in the lab environment. Figure 4.1 shows an example of what students saw for

each week in Canvas. All assignments had to be unique between Green and Gold because the

order of topics drastically changed what previous knowledge could be assumed in the assign-

ment.

The primary purpose of reordering topics, with the goal of going more in depth was to pro-

mote spacing and interleaving of the material. Instead of relying on students to study in an

interleaved manner, they were assigned assignments each week that covered the topic again,

thus forcing a spacing plus interleaving approach to their studies.
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Figure 4.1: Example of a week of work in the Gold Section, Fall 2020.
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4.2.2 Reading Assignments

The students were assigned reading assignments each week. For the Gold section, students

had 2-3 reading assignments each week. It was found during the design of the Spiral Design that

the book was a limiting factor as many books assumed prior knowledge when building chap-

ters. For example, in the traditional zybooks, it assumed branching was covered in its entirety

before methods, meaning they could level a discussion about switch statements calling differ-

ent methods. This does not work in the spiral design as switch statements are not covered until

the third pass with branching. Both the green section and gold section used the “one chapter”

per reading assignment approach. For the green, they had an entire chapter a week, causing

15 chapters for the entire semester. Where as the Gold section had much smaller chapters but

more of them. Overall, roughly the same amount of content was covered, just the length on

each assignment varied. Figure 4.2 shows the two zybooks table of contents side by side. The

right side is the book restructured for the Spiral design, and the left side is the traditional design,

following the mostly traditional layout for the book optimized for the specific goals of CSU. For

both sections, the readings were assigned before lectures and labs.

Overall when designing assignments careful attention had to be applied to what was actu-

ally taught before each section. It is easy to assume prior coverage of topics, and then find out

they were not covered. This proved to be particularly difficult for file reading, as the sections in

zybooks assumed knowledge about arrays and exception, and those sections assumed knowl-

edge about files. In practice, the exception and file reading and writing sections are all taught

in one chapter, but when attempts were made to break them up, there was an issue in how they

were laid out. The only possible fix is to actually design a new book, so for this research the

focus was getting the book as close as possible. TAs and instructors would attempt to fill in any

knowledge gap with students, and then encourage them to go back and finish the chapters the

following week.
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Figure 4.2: Zybooks was used for both classes, with noticeable restructuring for the Spiral Design (right

side)

4.2.3 Lectures

In order to promote active learning, the lectures focused on 5-10 minutes of instruction

followed up with peer activities and discussion. Activities were designed around going over

knowledge check problems as teams, code reviews, and discussion topics. During a typical

lecture, there may be 1-3 lecture portions, with similar peer instruction activities. During Units

1 and 4, the two major topics / lectures were planned for each week on Monday and Wednesday,

with the third Friday lecture reserved for tool specific discussions. For Units 2 and 3, most weeks

all three lectures were needed to cover topics. Furthermore, topics were intermixed with some

“interesting topic” references. For example, talking about Ada Lovelace during the first lecture,

or some of the history of who did what in programming throughout the years. They were almost

always focused on diversity topics or CS for the social good, but they were never the primary

topic of a lecture. In an ideal world, teaching assistants would be spread throughout the room,
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to help facilitate discussion and code reviews. They are often called learning assistants at our

university when used in such a situation.

The primary goal of the peer instruction focused lecture times is to promote active learning

and elaboration, and to avoid the “sage on the stage”. Between the Green and Gold sections,

this same model was followed but with different topics in the lectures. Overall, the lectures were

affected the most with the modifications needed for COVID-19 for both sections. Section 4.2.7

details the changes made to the Gold section.

4.2.4 Knowledge Checks

Using a question bank feature in Canvas LMS, 4-10 questions were developed for each of

the topics covered, 3-5 for weekly quizzes and the remainder for exams. These question banks

were then linked to learning outcomes for the courses, which matched every topic area. The

outcomes were listed as follows and were aligned with the topics shown in Table 4.2. The nam-

ing convention matches a university naming convention of College->Department->Course(s)-

>YearCreated->Topic. In our case, we made the topic java and further divided into subsets of

the language. These topic areas were also used for CS 150.

• NS.CS.ALL.2020.JAVA.ALGORITHMS

Covered in the last portion of the class, with a focus on sorting and searching algorithms.

• NS.CS.ALL.2020.JAVA.ARRAYS

Focus on arrays both single and multi-dimensional.

• NS.CS.ALL.2020.JAVA.BRANCHING

If/else statements, complex conditional statements (and/or), switch statements, and con-

ditional statements.

• NS.CS.ALL.2020.JAVA.COMMON

Common Java SDK libraries, including String and Math APIs.
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• NS.CS.ALL.2020.JAVA.FUNDAMENTALS

Types, expressions, basic printing

• NS.CS.ALL.2020.JAVA.INHERITANCE

Inheritance, Abstract Classes, Interfaces, Polymorphism

• NS.CS.ALL.2020.JAVA.INPUT_OUTPUT

File reading and writing, exception handling, input/output streams.

• NS.CS.ALL.2020.JAVA.METHODS

Methods both static and instance, parameters, and pass by value.

• NS.CS.ALL.2020.JAVA.OBJECTS

Objects and classes.

• NS.CS.ALL.2020.JAVA.RECURSION

Basic recursion.

• NS.CS.ALL.2020.JAVA.REPETITION

The four types of loops in java (for, for-each, while, do-while), along with nesting loops

and complexity of too many nested loops.

While topic areas are not required for a Spiral Design, it makes the layout of the knowl-

edge checks easier, and allows an instructor to see growth in different topic areas. For exam-

ple, the question bank KQ: 01 Intro To Programming had three questions to it, and mapped to

NS.CS.ALL.2020.JAVA.FUNDAMENTALS. Then four weeks later, students started getting quizzed

on questions from the question bank KQ: 07b Data Types which was also mapped to

NS.CS.ALL.2020.JAVA.FUNDAMENTALS. Beyond the scope of this research, question bank map-

ping could be used to help explore mastery of topics and mastery grading styles. For this re-

search, it was added simply as a means of tracking progress and making sure each topic was

covered more than one time.
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The questions from the knowledge checks focused heavily on reading code, and the labs and

practicals were focused on writing code. Students had fill-in-the-blank (what does this code

print out), multiple choice, matching, and true/false style questions. These questions matched

the format of the exams, and where possible, matched up with the quiz banks developed for the

Green section. However, due to the spiral model, it was impossible to duplicate all directly, and

new questions had to be created.

Knowledge check quizzes are meant to be asked at least once a week, pulling from the topics

discussed that week. The questions are also encouraged to be shown in lectures, tried in groups,

and discussed, as the importance of knowledge checks was not getting the right answer but

simply taking them. Students were allowed to take the knowledge checks as many times as they

wanted, and a lecture was devoted on the first day of classes about using the knowledge checks

as a means to study for the exams. This same lecture talked about the benefits of spacing and

interleaving, along with practiced recall, and students were reminded throughout the semester

that the best way to study was to go back to past knowledge checks and intermix the ones they

take each night.

The primary goal of the knowledge checks was to encourage an environment that promotes

Practiced Recall. While the Green section had practice exams students could take, the knowl-

edge checks were much more in depth, and a major difference between the two types of teach-

ing styles.

4.2.5 Labs and Practical Projects

Students had one to two labs a week for three weeks, and then would have the fourth week

of a unit as a review and catch-up week. The labs had to be designed from scratch due to the

previous background knowledge assumption shown in the labs used for the Green section. For

example, the branching lab had assumed they covered all three branching topics, which were

spread out across multiple weeks in the Spiral design. Labs were designed by a team of under-

graduate students, and then the TAs for the course had the ability to modify the wording as the
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semester progressed. The labs all focused on having around five parts for the students to com-

plete. Each part was broken up into a separate method, and the methods were graded using the

Zybooks auto-grader and unit testing. For the five methods, the typical pattern was as follows:

1. Method 1: Review - Review a past topic and how it ties into the lab.

2. Method 2: A simple case of the topic they were emphasizing in the lab.

3. Method 3&4: Methods that were often small, but tied into a larger program they were

writing.

4. Method 5: A method that utilized the other methods to make a working program.

This pattern was followed so that labs were treated as a series of problems on the same sub-

ject being covered. As the semester progressed, the methods and work progressed in difficulty,

especially with each pass of the same topic. An emphasis was placed on problems that involved

the students having to figure out a larger problem, but the code itself was relatively simple to

implement once the problem was solved. The labs were written like “tutorials” walking students

through the process.

Five times throughout a semester, the lab introduced a practical project. This project fo-

cused on having students write code within a much larger context. The goal was to provide

more real world examples for students that they were able to work on. As to not make the prac-

ticals overly difficult, practicals 1-4 had three parts to them.

1. Code Tracing - Students were given a canvas quiz on the provided code or other concepts

they would need to know about the code they were supposed to write for the practical

(e.g. HTML for the HTML web-page generator). They could submit this up to three times,

and they were encouraged to take the quiz in the lab where the practical was assigned.

TAs were allowed to help explain questions on the quiz. 1/4 of the practical grade was

awarded to the quiz.
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2. Code - The actual coding portion of the assignment. 70-80% of the code was focused

on getting the correct syntax (e.g. accessors and mutators), with the last 20-30% being

focused on a unique, but essential problem the code needed to solve in order for it to

run, like writing a substitution cipher. 1/2 of the practical grade was awarded for the code

portion.

3. Reflection - Students were asked to reflect on the practical project, and also anything else

they wished about the class. As the practicals were spaced out every two weeks, this gave

an opportunity for them to reflect every two weeks. They were graded simply for com-

pleting a reflection, and not the content though the instructors gave feedback based on

the content. 1/4 of the practical grade was assigned to the reflection.

Practical 5 was slightly different than practicals 1-4. The goal of practical 5 is to transition

onto harder assignments they will be expected to solve in future courses. In Practical 5, they are

provided with a UML diagram and full documented Javadoc of the finished assignment. They

are then asked to redesign Practical 1 using all the Object Oriented Techniques they learned

throughout the course. Overall, the practical assignments were designed to seem daunting until

they apply the divide-conquer-glue methodology, focusing only on the one aspect they were

working on each moment. Table 4.2 also shows when the various practicals were assigned.

The primary goal of the practical projects was to promote elaboration and reflection. Elab-

oration as students were able to see programming in context of social good and larger applica-

tions. Reflection as that was an aspect of the practicals in general, even if it was a small aspect

of the overall course.

4.2.6 Exams

The exams were given every four weeks, in both the Green and Gold sections. The Exams

were always cumulative, though the exams had to be redone since the topics were different.

When possible, exam questions were duplicated. Exams are meant to be scaled similar to the

rest of the spiral where depth is added every four weeks, the exams are worth more every four
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Table 4.3: Exam weighting for each component.

Exam Item Points

Exam 1 Practice exam 20

Exam 1 Coding exam 5

Exam 1 Exam 75

Exam 2 Practice exam 10

Exam 2 Coding exam 5

Exam 2 Exam 85

Exam 3 Practice exam 5

Exam 3 Coding exam 10

Exam 3 Exam 85

Final Exam Practice exam 5

Final Exam Coding exam 10

Final Exam Exam 100

weeks. This causes the first exam to be "low" stakes compared to the final exam. This also

matched the scaling used in the Green section. Each exam had three parts.

• Practice exam: Assigned at the beginning of a unit, the students are encouraged to take it

as many times as they can.

• Coding exam: A single submission attempt lab. They could use resources like their book,

but they were asked to not use other students or the TAs.

• Exam: The exam itself was a Canvas exam with questions similar to the practice exam and

knowledge checks. Students were proctored and timed.

Table 4.3 gives the points possible for every exam, exams 1-3 equate out to 100, but the final

exam purposely had 115 points to give slightly more weight to it. More importantly, the points

for the final exam needed to match the points for the Green section exactly as the same exam

was used for both designs. The weighting of exams from less to more was done in previous years

with our department, and not directly tied to the spiral model.
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4.2.7 COVID-19 Modifications

Due to the size of the class, and social distancing guidelines, there were some noticeable

changes to adapt for COVID-19 regulations. Most notably, the lectures were affected, as they

had to be prerecorded, and students could watch them asynchronously. Students would then

attend a help-session/lecture once a week that would provide additional content, primarily the

discussion / peer-instruction elements. Additionally, to motivate watching the videos, knowl-

edge checks were assigned after each video, since they were already broken up into topics. The

changes are summarized as follows, and they purposely match up with many of the changes in

the Green section.

• Pre-recorded lecture videos

The lectures were pre-recorded in shorter chunks, and students had full access to the

lectures all semester.

• Knowledge Checks

One was assigned after every video lecture with a small amount of points.

• On-Campus Labs

Labs were still run on campus, but limited to 12 students per room.

• On-Campus Help Sessions

Students would attend an on-campus help session once a week led by the TAs. This would

be an opportunity to participate in peer instruction activities and discussions.

• Online Help Desk

In place of the extensive on-campus help desk, it was run online via Microsoft teams.

Hours were slightly modified to include evening hours which were not included in the

past.

Overall, while the hybrid modifications seem extensive, the course simply sought to follow

best practices for building community while still maintaining social distancing practices. Ex-
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cept for the change in knowledge checks, the modifications were the same for both Green and

Gold sections.

4.3 Evaluating Outcomes

At the start of this chapter, three primary questions were defined. Two questions focused

on performance, and the third question focuses on student retention and enjoyment. Based

on that, the evaluation measures are predominately focused on student performance. Each

subsection highlights key aspects of the evaluation process. Each subsection also addresses

attempts to minimize bias.

4.3.1 Student Distribution and Sampling

The courses were divided so CS 163 section 001 was taught using the Spiral Model, and CS

163 section 002 used the traditional model. They were termed Gold and Green, respectively.

Additionally, CS 164 which only had one section was taught using the Gold model, but due

to only having one section will simply exist as third point of comparison. Section 001 (Gold)

was scheduled for 3:00 PM in the afternoon, before changes for COVID-19, and Section 002

(Green) was targeted for 11:00 AM. While Poulsen et al. point out afternoon classes often per-

form better [113], the instructor’s experience for CS 163 was that at Colorado State University

the morning section often performed better than the afternoon. Furthermore, to balance out

the morning and afternoon discrepancy, the labs were setup in an alternating manner so that

odd labs matched up with section 001 (Gold) and the even labs were matched up with section

002 (Green). As such, students unknowingly select their instructional design based on the time

that fits best in their schedule. No distinction was made at registration time, and even the in-

structor was not listed at registration time to prevent students biasing themselves to CS 163 or

CS 164 based on their history with the instructors.

In order to hold the influence of the instructor fixed, the same instructor taught both CS 163

Green and Gold sections. The instructor was experienced with Green, and was just learning the
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Gold methodology. As a modification to COVID-19, the instructor influence shows up more as

part of the online interaction, as TAs ended up teaching the different on-campus help sections

that replaced a lecture. The help section times were the same as the assigned lecture times, but

only one day a week with the actual lectures being prerecorded.

TAs were provided the same slides for both help sessions, though coding content had to

be modified for the Green section. The help-session focused more on peer instruction and

discussion of interesting topics, and students were not required to attend due to wanting to

allow student flexibility in the uncertainty of on-campus interaction.

Once students started class, they were provided with the disclaimer provided in Appendix A.1

detailing the research and giving students the opportunity to opt out of data collection.

Minimizing Threats to Validity

The most common threats when teaching with different methodologies are teacher famil-

iarity, and sample groups biasing themselves at selection time. For this study, effort was made to

bias the results towards the traditional methodology, so if the spiral method proved promising

it would have to overcome that bias. The instructor selected had experience with the traditional

methodology, but not the spiral, and more importantly, the same instructor was used for both

CS 163 sections. Student selection was essentially random, due to students not knowing which

methodology they were signing up for at the time of enrollment. With that said, different stu-

dent populations may have self selected to different time slots, so a question to answer is how

did students perform both by section but also by student categories across sections. For exam-

ple, were more honor students in Green or Gold? What about returning students compared to

incoming students? What were the major distributions?

It is believed the alternating labs contributed to randomizing students more, as labs are a

major factor when determining course sign up. To also bias the data slightly towards the tradi-

tional method, the earliest lab in the day (L01, at 8:00 AM) was assigned to the Spiral method,

as that lab has often been shown to be a low performing lab and the last lab students sign up

for (often the students who procrastinate most). This was part of the motivation of selecting
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odd labs for the Gold group, along with simplicity for the instructor to remember Section 001

line up with odd labs, and 002 lines up with even labs. Overall, when taking into account time

selection bias, attempts were made to bias towards the traditional methodology, as that is the

“baseline” the spiral model seeks to beat.

Attempts were made to group TAs to a certain style. Due to scheduling constraints, this

proved impossible to do, so a number of TAs ended up teaching both Gold and Green labs and

help-sessions. It is believed this had very little influence, as TAs often are focused on provid-

ing help, rather than to talk about different teaching techniques. They were also requested to

not talk about “what is happening in the other section”. Twenty of the Twenty-three TAs were

all taught using the traditional method, which biased their experience towards the traditional

manner of teaching.

4.3.2 CS 1 Performance Comparison

Due to the nature of the spiral reordering topics, there is only one point where the Green

and Gold sections line up for a comparison on performance, the final exam. As such, the final

exam makes the primary point of comparing students between the two sections. Most notably,

given a semester of traditional or a semester of spiral, do students perform better on their final

assessment at the end of the course?

The final exam for both courses pulled from the same question banks that were linked back

to topics presented in Section 4.2.4. The question banks were exam only question banks, whose

answers have been kept hidden over the years, as many of the questions were used in past

semesters in the traditional method. More questions were added to add more depth to the

exam both in the number of possible questions that could show up for each question, and more

questions the students were asked to answer. Overall, the final exam consisted of 25 questions,

with point values ranging from 3-5 points. Many questions had multiple parts to them. Each

of the 25 question banks ranged from 2-3 questions deep creating at least 300 different exam

combinations for students to take. Some exemplar questions are provided in Appendix A.2.
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The theory is that if the Gold section students performed better on the final exam compared

to the Green section students, then they were able to learn and retain more than the Green

section.

Minimizing Threats to Validity

The most notable threat is the nature of using an exam as the sole assessment for perfor-

mance. Unfortunately, due to the different nature of the courses, this is the only unifying point

between Green and Gold layouts. The strength of this assessment is that it matches what was

done in CS 150’s evaluation as shown in Section 3.2.5, and due to the cumulative nature of the

exam, it is an indicator that shows what was expected of students no matter the course design.

This threat is minimized by looking at student performance in CS 2, detailed in Section 4.3.3.

The second major concern is if students really had comparable exams due to the random

nature of the question selection. However, by linking each question to a question bank, that

was then further linked to an outcome/topic, the instructors made sure the questions were on

similar topics. After that, the questions were compared against each other within the question

bank to make sure they were the same type of questions. For example, all questions in the bank

“sort theory” were fill-in-the-blank, just the type of sort changed or the inputs were changed.

Students would end up with a single question from the bank, but they would end up with dif-

ferent sorts they had to use. For the most part the variation in the questions were focused on

varying inputs to the code, but the code remaining the same. This helped keep variation to a

minimum, but have enough variation that students couldn’t share what was on the exam.

The last threat is linked to the time of day students were asked to take the exam. As the exam

was proctored remotely, students were given six days for them to pick a time to take the exam,

and could opt for their own time anytime within those six days.

4.3.3 CS 2 Performance Comparison

The second assessment of performance is similar to the CS 1 evaluation performed by Wilcox

and Lionelle [3]. To evaluate the difference in teaching methodologies, it is important to look
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at the following course which is CS 165 (CS2). CS 2 was modified over the years to include a

“review exam” during the third week of classes. Based on the results of the exam, the instructor

would recommend that students retake CS 1, take a booster course along with CS 2, or no rec-

ommendation either way if they scored 60 or above. This exam is the final exam in CS 1 with

small variations, giving a seven week gap between when students in CS 1 took the final (finals

week of Fall semester), and when they take final again after some review (week 3 of the Spring

semester).

The first review exam provides the ability to ask two major questions. Do Green or Gold

continue to perform better after CS 1, to see if the same results remained over the winter break?

Secondly, how do students perform based on CS 1 performance. For example, do students earn

relatively the same score, or is there drop in performance due to loss of material over the break?

More importantly than performance on a single exam, how do students perform overall in

CS 2? Detailed in Section 3.1 students who took CS 1, no matter their prior programming ex-

perience, performed equally when they took CS 2. For this study, the dimension of teaching

methodology is added to these results. Do different teaching methodologies of CS 1, cause stu-

dent performance to differ in CS 2? A full analysis will look at the different assignment group-

ing as done in the previous study, but also attempt to see student growth across the group-

ings. This will help determine if one group starts off stronger, but equalizes out over time, or if

the group that starts stronger remains stronger throughout the course. Overall, there are three

major groupings to look at, CS 163 - Green Students, CS 163-Gold Students, and CS 164 Stu-

dents. Furthermore, when exploring threats to validity, Students in the Booster Course group

was added as a fourth group.

For teaching CS 2 in the Spring, all students signed up for the same section taught by an

instructor who does not have experience teaching the spiral method, nor was it the instructor

who taught CS 1 in the Fall. This allowed the students to “start over” with a fresh face who did

not have a vested interest in the CS 1 methodology utilized.
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Minimizing Threats to Validity

When it comes to looking at the follow up course, a concern for validity of the data is the

amount of scaffolding built into the course to help students fill in missing knowledge. One con-

cern is the booster class students are encouraged to take based on their performance on the

review exam. This course has shown promising results, which means a nonperforming student

may easily shift into the performing category. Furthermore, the booster class teaches students

how to study, using the same five principles that are the foundation of the spiral design. While

this threat cannot be minimized, and attempts to remove the booster class would cause ethical

concerns, it can be documented. Students who take the booster class will be grouped together

after the first exam, so we can see how they perform relative to their original cohort. Further-

more, the review exam is before the initial booster class, so the results on the review exam can

provide a foundation before additional support is put into place.

Overall, the influence of the instructor finding support for students struggling is a variable

that should not be controlled but only observed, and that should have a minimizing affect on

the student population differences drawing the Gold and Green background students closer

together by the end of CS 2. The question will be, is that enough based on any initial differences

that show up going into the course.

4.3.4 Retention and Student Attitude

If performance improves, but retention of students between courses drops, then the changes

made are more about filtering (a.k.a. weeding out students) than about improving perfor-

mance. As such, it is important to look at the number of students between CS 1 and CS 2, and

see how many chose to continue on between each teaching methodology. The retention should

be broken up by major grouping, to see how many students actually wanted to continue, but

chose not to, and those who needed only the one course. A success will be if at the bare mini-

mum the same percentage of students went on between the methodologies with an increase in

performance.
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Furthermore, previous research shows that students who have higher confidence and self-

efficacy tend to be easier to retain in programs, along with higher performance. Does the Spiral

design help improve confidence compared to the traditional design? To help answer that ques-

tion, the students were presented with a pre and post survey. The questions for the survey can

be found in Section A.3. Students in both sections (and CS 164) were asked the exact same ques-

tions. Additionally, students were asked the basic MSLQs as a baseline to see their opinion of

their self-regulation and efficacy at the end of the semester. The MSLQ survey is also conducted

in CS 2, so while it is expected there is not much difference in CS 2, their attitude about their

own learning can be tracked throughout the entire year.

Minimizing Threats to Validity

The biggest threat to validity is student opinion is often not how students are actually per-

forming. To minimize this threat, it would be worth looking at how students performed based

on their answers. Does one group of students have a better understanding of their capabilities

than the other group? With that said, the primary focus of the survey is to make sure students

have a positive outlook towards their learning, as previous research shows that outlook helps

with retention. This question is then tempered by looking at the retention numbers between

the courses. While instructors often have an influence on retention, in the CS 163 case the in-

structor was the same, so this should not be a threat to validity.

The biggest threat to understanding student retention is COVID-19. Simply, this is an un-

known influence as there isn’t a good baseline to compare against. To minimize this threat, the

retention numbers should be only compared to each other for the same system, as compared

to previous semesters. This keeps the comparisons the same, with both sections having been

influenced by COVID-19.

4.3.5 Conclusions

Using measures for both performance and retention, it should be possible to determine

if the course design suggested with the Spiral Design is a better design for students. Overall,
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Table 4.4: The variables of the study, and if they were fixed or different between experimental groups.

Design Variable Difference

Instructor Fixed

Lecture Modality Fixed (online)

Help-Sessions Fixed

Interactive Text Book Usage Fixed

IDE Usage Fixed

Final Exam CS 1 Fixed

CS 2 Section and Content Fixed

Surveys Fixed

Topic Ordering Modified

Reading Assignments Modified based on topics

Labs Modified based on topics

Practice Exams In both, Topics modified

Exams 1-3 In both, Same timing, topics modified

Practical Projects w/ Reflections Only in Gold

Knowledge Checks Only in Gold

Table 4.4 shows both the fixed and changed variables between the designs, so it is possible

to examine the actual influence of changes. The largest changes were the order of topics and

the use of the knowledge checks throughout the semester. The study itself by necessity is a

two semester study, starting in the Fall and ending with the Spring session. While the original

design was done before COVID-19, the unexpected pandemic caused modifications that were

also taken into account by making sure both courses were modified in similar manners.

To summarize the methodology, two sections were setup for CS 163, a Green section that

follows the traditional course design, and a Gold section that follows the Spiral Model. Both

sections were taught by the same teacher, and the only modifications made are ones unique to

the design. Students will be evaluated based on performance at the final exam for CS 1. Fur-

thermore, students will be evaluated throughout their CS 2 experience on performance. While

performance is the primary question, surveys have been developed to help determine student

growth and attitudes towards the different types of methodologies used. It is believed that while

Computer Science is hard, teaching students to learn and building the course off learning tech-

niques, students will perform better, not only in the current course but in the following course.
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Chapter 5

CS 1 - Results

In order to test the different teaching methodologies students were grouped into three dif-

ferent sections. Green students were taught by using the traditional pedagogy. Gold students

were students with no-prior programming experience taught using the Spiral Design. CS164-

Gold are students with prior programming experience taught using the Spiral Design. The dif-

ferent ordering of topics makes it difficult to evaluate student performance in CS 1 through-

out the semester. Thus, in order to evaluate CS 1 performance, we focus on the cumulative

final exam, and the number of students who chose to continue to CS 2. Success is defined by

students taught with the Spiral methodology (Gold) out performing students taught with the

Traditional methodology (Green). Furthermore, Gold needs to have at least the same, if not

improved retention compared to Green.

Section 5.1 gives a quick overview of the demographics of each group to lay a baseline of who

was in each group. Section 5.2 details the results on the final exam, showing that Gold students

outperformed the Green students. Section 5.3 goes through the course outcomes, and how

students performed in each outcome area. The mapping was accomplished by built in tools

to the LMS system (Canvas) used. Section 5.4 examines the survey presented in Appendix A.3

which is a reflection of student beliefs in CS, and their belief in themselves as they progress

through the course. Section 5.5 looks at the affects the Spiral model has on retention by looking

at students who could continue onto CS 2.

5.1 CS 1 - Demographics

The Gold, Green, and CS164-Gold groups were compared to see if there was a significant dif-

ference between the student population, and if there was a difference if that difference leaned

towards Green, biasing Green with the better students.
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Table 5.1: Breakdown by number of credits when students started CS 163/4. Every 30 credits, students

are the next grade level representing amount of experience with college courses.

CS164-Gold (N=106) Gold (N=86) Green (N=91)

Freshman 42% 48% 38%

Sophomore 36% 32% 29%

Junior 9% 8% 16%

Senior 8% 5% 13%

Senior - Post 0% 0% 1%

Second BA 6% 6% 2%

Table 5.1 shows the percentage distribution of students across different student levels. Ev-

ery level at Colorado State University is split by 30 credits, so freshmen have 30 credits or less,

and sophomores have 31-60 credits, and so on. Senior-Post are students who have a bachelors

degree but are not admitted to any program. Second BA students are students with a previous

bachelors degree and seeking a second bachelor’s. While it is difficult to tell if a student is better,

it can be assumed that more credits completed often means more college experience, and more

time to have developed mature study skills. 32% of students in the Green section had at least 60

credits already completed on their transcript, as compared to 19% of the Gold students. While

students were not intentionally biased towards more experienced scholars, the Green section

had more students who had more college experience by nearly double. With that said, running

a simple chi-squares test the p-value is .23. The result is not significant at p < .10, meaning there

is not really a significant difference in the distribution of students across the courses.

Table 5.2: Average GPA of on-campus sections of Green, Gold, and CS164-Gold

Average GPA Std Dev

CS164-Gold 3.19 1.04

Gold 3.07 1.01

Green 3.13 0.93

Looking at the average GPA of students in Table 5.2, the Green group has a slightly higher

GPA. Students for whom it was their first semester at CSU were removed due to not having

access to admissions records and thus previous GPA scores. Even with that said, any student
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with a college GPA was calculated, showing the Green section to have a higher GPA than Gold.

Running a T-Test on the Green and Gold students’ GPAs across the test, the p-value is .27, and

the result is not significant at p < .10. While there was a marginal difference in GPAs, the overall

set was not noticeably different.

Looking at both GPA and student skill level helps answer the question, "what if one group of

students is just a better group of students". While it is impossible to say either way, the fact stu-

dents had more college experience in the Green section, with a marginally higher GPA, means

if there was any bias on the student groups it was towards the Green group.

Table 5.3: Number of Men and Women in the course.

Men Women Total

CS164-Gold 82 24 106

Gold 66 20 86

Green 58 33 91

Table 5.3 shows the number of students based on gender in each group. The Green group

had more women than any other group, both percentage and total. This often leads to higher

retention of women, biasing retention of women to the Green group. Overall, the demographics

of the sections show minimal differences, with the Green section leaning towards older students

and more of them are women.

5.2 CS 1 - Final Exam Results

Table 5.4 shows the median final exam scores for each group. While the scores were low,

arguably due to an overly difficult exam, everyone took the same exam which was proctored

online. Students were allowed to pick their own exam time slot throughout the week. The exam

pulled from question banks randomly based on a question group, and each question group

was matched up to a very similar question in difficulty, often only changing inputs or variables

slightly. Using the median grade, the Gold groups scored 9% higher than the Green group show-

ing that those who learned via the spiral method retained more for the final cumulative exam.
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Table 5.4: CS 1 Final Exam Grades Between Sections. All Gold groups did about 9% better than their

Green counterparts.

Teaching Methodology Average Median N

Green (Traditional) 53.5% 56.4% 91

Gold (Spiral) 59.5% 65.5% 86

CS164-Gold 60.1% 65.7% 106

Gold Combined 59.8% 65.7% 192

Using a t-test, we found a significant difference between Green and both Gold and CS164-

Gold. Between Green and Gold, the p-value is .00025, and the result is significant at p < .05.

Between Green and CS164-Gold, the p-value is .031565, and the result is significant at p < .05.

However, between Gold and CS164-Gold, p-value is .257433, and the result is not significant

at p < .10. While the results were significant, the Cohen’s d showed a smaller influence due to

the variability in mean grades and standard deviation. Both Gold groups showed a Cohen’s d

= 0.27 relative to Green. To each other, Gold and CS164-Gold only shows a Cohen’s d = 0.02,

which strengthens the results that while 0.27 is small, it is a noticeable difference from the Gold

groups.

Gold and CS164-Gold only differing by .2% is a change from the 2018 paper by Wilcox and

Lionelle, which showed that by the end of CS 1 students with prior programming experience

(CS 164) outperformed students without prior programming experience by 6% [3]. Our results

show that with the Spiral Method of teaching, students with no-prior programming experience

managed to catch up to those with prior programming experience within the same semester.

The final grade distribution of the courses proved uninteresting because of the course curve

applied in both sections by the instructor. While mostly unintentional, all three sections ended

up with exactly the same number of passing grades as compared to failing grades, though

slightly distributed differently between A, B, and C grades for the passing grades. It is inter-

esting to note that the dropout rate was relatively the same at about 10%.
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5.3 CS 1 - Final Outcome Results

In Section 4.2.4, eleven learning outcomes were defined for both GREEN and GOLD exams

using the Canvas outcomes feature. Questions for the Final Exam were linked to one of the 11

outcomes, and based on how a student scored on a problem, they were awarded both points for

the exam and points towards showing mastery in an outcome. While the outcomes are origi-

nally designed for standards based grading, and demonstrating mastery of topics through stan-

dards, they allowed us to link questions to learning outcomes for the course providing an idea

of how well students understood each topic.

Outcome points ranged from 0-5, with 3 being the recommended value for meeting mastery

of that outcome target. Furthermore, every question was given a difficultly on how hard it would

be to show a 3 in that category. For example, easier questions required students earned 100%

on the question to earn a 3. More difficult questions may only ask students to earn 80% to show

mastery, and any points on that question above the 80% helps a student to exceed mastery by

scoring higher than a 3. We used the canvas default setting of "65/35 Decaying Average" for

calculating outcome scores. The decaying average looks across all mastery scores earned on a

particular topic. The most recent score receives 65% of the overall score, and the average of the

remainder count as 35%. For example, if a student scored 4 out of 5 parts of a question correctly,

they would have earned a 3 on their mastery score for that outcome since they scored at least

80% on the problem. However, they then would have previous questions on the same outcome

taken into account, and assuming they had scored 3, 2, 1, 3 respectively on previous questions,

their total mastery score would be:

(.65∗3)+ (.35∗ ((3+2+1+3)/4) = 4.2

At the same time, if they had done worse on the question, for example only earning 1 mas-

tery point, they would end up with not yet meeting expectations with a score of 2.9. Scores

are not rounded. While these mastery scores don’t map directly to student performance, as the

grading scheme doesn’t match up exactly with standards based grading, they have the ability to
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Figure 5.1: Outcome Averages across the outcome categories for each section. In all cases but Methods

and Repetition, Gold outperforms Green.

give us a clue as to students’ understanding of certain topics on the exams, especially when the

questions are coming from rotating question banks.

Figure 5.1 shows the average outcome score for each outcome across the three different

student classifications. In nearly every outcome, Gold outperforms Green except for Methods

and Repetition. The high score in methods for all courses is a reflection of the emphasis of

early methods in the department, and the teaching of "Divide-Glue-Conquer" as a means to

approach problems. However, for the Green section, the standard deviation was relatively high,

meaning some students really understood methods bringing up the average score while others

struggled. Table 5.5 shows each outcome average with standard deviation. CS164-Gold showed

the highest consistency of scores with the lowest standard deviation, while Green showed the

highest inconsistency of scores with the highest standard deviation.

The largest difference in scores shows up in the students’ understanding of objects. CS164-

Gold and Gold show a much higher understanding of objects than their Green counterparts.

They also show a higher grasp of inheritance, which is notable as the Gold sections spent less

time on inheritance than the Green section due to when the topics was introduced. In the Green
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Table 5.5: Outcomes Scores based on final exam results for each section. Greater that 3 means students

on average met expectations. Green only met expectations in Branching, Methods, and Repetition. Gold

and CS164-Gold only missed meeting expectations in Arrays and Input_Output, often areas with over-

lapping questions.

CS164-GOLD GOLD GREEN

Average Std Div Average Std Div Average Std Div

ALGORITHMS 3.35 1.61 3.53 1.49 2.44 2.08

ARRAYS 2.93 1.49 2.98 1.48 2.21 1.61

BRANCHING 4.30 0.73 3.91 0.96 3.71 1.04

COMMON 3.72 0.93 3.41 1.08 2.82 1.31

FUNDAMENTALS 3.81 0.76 3.63 0.83 2.91 0.92

INHERITANCE 3.47 1.38 3.28 1.49 2.48 1.41

INPUT_OUTPUT 2.71 1.08 2.70 1.04 2.19 1.38

METHODS 4.49 0.70 4.17 0.96 4.51 0.94

OBJECTS 3.62 0.95 3.46 1.05 2.24 0.98

RECURSION 3.25 1.51 2.95 1.47 2.61 1.82

REPETITION 3.24 1.54 3.26 1.58 3.28 2.28

Figure 5.2: Percent of Students who meet the outcome standards

section, week 10 introduced inheritance with two entire weeks focused on the topic. The Spiral

Model introduced inheritance in weeks 11 and 13. Although it also had two weeks on the topic,

the Spiral Model had a gap and exam between. Both sections continued to use inheritance after

introduction, giving Green an additional week on the topic in addition to the focused time.

Since we can look at outcomes as meets or does not meet, we also looked at the number of

students who met those outcomes. Figure 5.2 shows each group based on the percent of stu-
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dents who meet the outcome standards. The difference between Gold and Green becomes even

more profound, as 44% more Gold students demonstrated mastery of objects over Green stu-

dents, a rather important concept for Object Oriented Programming. Furthermore, 31% more

Gold students showed mastery of Inheritance over Green students, along with 30% more in Fun-

damentals, 29% more in Arrays, 26% more in Recursion, and 26% more in Algorithms, which

was one of the few topics only introduced once in the Spiral design. The only areas in which

more Green students meet a standard as compared to Gold are Methods and Repetition, which

matches the results from the average score.

In an ideal world, all students would master 100% of the topics, but this is rarely the case.

Furthermore, as the course wasn’t built around standards based grading, students were not

required to master every topic for their grade. Instead, they could do well in most all topics,

and that would help them with a good overall grade. At the same time, seeing how students

master each topic helps determine the overall strength of the students in the section before

they move onto CS 2.

Figure 5.3: Percent of students who mastered N number of outcomes
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Figure 5.3 shows the number of students who mastered all the 11 outcomes, students who

mastered 10 of 11 (90%) of the outcomes, students who mastered 9 of 11 (82%) of the outcomes

and so on until 54% (n=6). Only 1% of Green students mastered all eleven outcomes, where 12%

of Gold students mastered all outcomes. 23% of Gold students demonstrated a 90% mastery of

the outcomes as compared to only 5% of Green students. Moving out to only needing to master

54% of the topics, 70% of the Gold students at least mastered half the topics while only 39%

of the Green students mastered half the topics. Table 5.6 details the percent of students who

mastered topics from N=11 to N=7. Furthermore, it also provides the unique students for each

outcome, as mastering 11 topics also means mastering 10, 9, 8, 7, and 6 topics. The unique

count removes that factor, showing how many mastered only that exact number of topics in-

stead of the ever increasing number shown in the chart. Looking at the unique students in each

topic area, both sections leaned towards 9 or greater topics mastered, or at least 82% of topics

mastered. While most students in Green demonstrated mastery of less than half the topics.

Table 5.6: Percent of students who mastered at least N number of outcomes out of 11 possible outcomes.

The Unique percent is the number of students who only mastered that many outcomes and no additional

outcomes.

N=11 N=10, (Unique) N=9, (Unique) N=8, (Unique) N=7, (Unique) N=6, (Unique)

CS164-GOLD 12% 29%, (16%) 45%, (16%) 59%, (14%) 69%, (10%) 77%, (7%)

GOLD 12% 23%, (11%) 40%, (18%) 54%, (13%) 63%, (10%) 70%, (7%)

GREEN 1% 5%, (3%) 14%, (9%) 20%, (6%) 25%, (6%) 39%, (14%)

While there may be future work to better align outcomes to truly document student per-

formance, when looking at Gold relative to Green, the students taught with the Spiral Method

(Gold, CS164-Gold) continuously outperform Green section students. A possible future study

could be to explore the relationship to outcomes in depth, and implement fully standards based

grading where students earn "A" letter grades only if they demonstrate mastery of at least 90%

of the topics. At the same time, students would need the opportunity to return to topics to prove

mastery before the end of the semester. It is also worth noting the Final Exam was the primary

factor in determining "outcome mastery" as compared to a wide range of assignments. The fi-
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nal exam was already documented as being a relatively hard exam with the median score of the

Green section being 56.4% making the exam score a reflection of the topics mastered.

5.4 CS 1 -Student Self-Evaluation

At the start of the semester, students were given a survey gauging their opinions about their

interest and ability to learn computer science. Additionally, the same survey was given at the

end of the semester with the same questions, along with the MSLQs as a means to gain their

opinions about their study skills. While self reflection is notoriously inaccurate, such gauges

can help enlighten us as to how students view themselves as it relates to computer science,

both before and after the course. This section analyzes the survey paying particular attention to

women as a dominate underrepresented population. As the survey was opt-in for both courses,

the number of students who took the survey (242) was 17% less (-41) than those who took the

course (283).

The first four questions were duplicated for all students at the beginning of the semester

and at the end. These same questions have often been used in Colorado State University CS 0

and CS 1 courses, though this evaluation is only for this semester as past semesters were not

designed to have the data used outside of the department. The four primary questions for the

survey were based on a rating system from 1-10 with 10 being the highest. They were prompted

with the question, "Based on a scale where 1 is the lowest and 10 is the highest, how would you

rate the following statement?", and then a statement they were asked to rate. Two questions

were focused on students’ interest in the field, and two were focused on students’ confidence

in themselves to be successful in the field. The statements are as follows.

• I know that I like Computer Science.

This question will be presented by LIKE throughout the results.

• I think Computer Science is interesting.

This question will be presented by INTERESTING throughout the results.
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• I feel confident in my ability to learn Computer Science.

This question will be presented by LEARN throughout the results.

• I feel confident in my problem-solving ability.

This question will be presented by PROBLEM SOLVING throughout the results.

Figure 5.4, Figure 5.5, Figure 5.6, and Figure 5.7 illustrate the average scores of what the

student self-evaluated for each question. The curve for the student samples was a normal bell-

curve distribution. Groups that would start out higher often remained higher throughout the

semester, no matter the teaching methodology. CS164-Green students rated themselves higher

in every category, and continued to rate themselves higher even if there was a drop in their

rating. Gold students were more interested in Computer Science from the start, and remained

more interested at the end. Green students were more confident about their skills at the start,

and remained more confident in the end. The latter could be attributed to the slightly higher

maturity of the Green students, as Green had 33% of their students who started with 60 credits

or more before taking CS 1, and Gold only had 19%, meaning Gold had more students for whom

this was their first college course.

Comparing each group against themselves, CS164-Gold had a very small change through-

out the semester, where as Gold showed a major increase in their interest in Computer Science,

but also a noticeable drop in their confidence to be successful at Computer Science. For exam-

ple, CS164-Gold increased their like of Computer Science by .25 points, but also had a decrease

in their confidence to learn by .06 points. At the same time, Gold showed an increase by .88 in

their interest, but a decrease in their confidence to learn by .62 points. Green showed similar

differences as Gold but with less dramatic extremes. Their largest increase was also like of Com-

puter Science with a .55 increase, but with their confidence in problem solving being decreased

the most by .29. While these changes look extreme, it is worth noting that students could only

select whole numbers between 1 and 10, as such an increase of .88 is less than an entire point

of increase.
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Figure 5.4: The average score across students both at the start of the semester and end of semester on

how much students felt they liked Computer Science.

Figure 5.5: The average score across students both at the start of the semester and end of semester on

how students felt how interesting Computer Science was as a topic.
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Figure 5.6: The average scores on what students thought about their ability to learn Computer Science.

Figure 5.7: The average scores on how students rated their problem solving ability in general.
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Table 5.7: The average student rating across interest and confidence questions, both start of semester

and end of semester.

CS164-GOLD GOLD GREEN

F M All F M All F M All

LIKE Semester Start 8.05 8.06 8.06 5.94 7.27 6.97 6.10 7.17 6.74

LIKE Semester End 8.27 8.32 8.31 8.06 7.80 7.86 6.94 7.53 7.29

INTERESTING Start 9.14 8.95 9.00 7.94 8.71 8.54 7.77 8.66 8.31

INTERESTING End 9.09 8.98 9.01 8.59 8.73 8.70 8.23 8.40 8.33

LEARN Start 7.91 8.02 7.99 6.29 7.83 7.49 6.94 8.06 7.62

LEARN End 7.68 8.02 7.93 6.76 6.90 6.87 7.10 7.64 7.42

PROBLEM SOLVING Start 8.14 8.23 8.20 6.82 8.27 7.95 7.55 8.47 8.10

PROBLEM SOLVING End 8.23 8.29 8.27 7.00 7.61 7.47 7.45 8.04 7.81

Table 5.7 shows the average for every question start and end of the semester, along with the

averages broken up by gender. Looking at the gender differences, women reacted very differ-

ently to the spiral model than men did. Where men often had a large decrease in their confi-

dence, women had an increase in their confidence, even more so than the Green methodology.

This is particularly due to males being much more confident than women at the start of the

semester, but by the end of the semester they are reporting similar confidence levels, creating a

noticeable decrease for males, but an increase for women.

Figure 5.8 shows the difference between start and end of the semester for each of the four

questions, across the teaching methodologies. Women in the Gold group showed the highest

increase across all the categories and was the only group that did not have a decrease. With that

said, the only question that showed a significant difference using a T-Test was LIKE, and the

amount change was significant for all of them at p < 0.10 with CS164-Gold showing .06, Gold

at .01, and Green at .02. While changes are documented or the other questions a significant

difference was not discovered. Table 5.8 shows the differences along with the p-values found

between start and end of the semester scores. As such, even if a difference was documented,

there may not have been a significance documented between the start and end of the semester

student responses.
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Table 5.8: Difference between start and end of semester for each survey question. P-value calculated by

looking at student responses to questions between start and end of the semester.

CS164-GOLD GOLD GREEN

Women Avg p-value Avg p-value Avg p-value

Difference Like 0.23 0.06 2.12 0.01 0.84 0.02

Difference Interesting -0.05 0.31 0.65 0.16 0.45 0.45

Difference Learn -0.23 0.40 0.47 0.26 0.16 0.41

Difference Problem Solving 0.09 0.18 0.18 0.40 -0.10 0.42

Men

Difference Like 0.26 0.16 0.53 0.81 0.36 0.20

Difference Interesting 0.03 0.46 0.02 0.47 -0.26 0.24

Difference Learn 0.00 0.5 -0.93 0.01 -0.43 0.11

Difference Problem Solving 0.06 0.26 -0.66 0.02 -0.43 0.24

Figure 5.9 shows the differences between responses for men from the start to end of the

semester. Men in the Gold group had the largest increase of interest in Computer Science, but

also the largest decrease in confidence. At the same time, they are still more confident than the

women in the Gold group. Men just simply started much higher in their confidence so while

Figure 5.8: The difference between start and end of the semester for women for each survey question by

teaching methodology. Gold showed the greatest increase across all categories for women.
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the Gold women increased, the Gold men decreased but still remained higher in their average

responses.

Figure 5.9: The difference between start and end of the semester for men for each survey question by

teaching methodology. Gold showed the greatest increase in their like of CS, but also the greatest de-

crease in their confidence.

Looking at both men and women, the Gold group showed both the most improvement,

especially for women, and also greatest decrease in male confidence. This decrease actually

brought male and female opinion closer to each other, though the concern remains that a de-

crease in confidence may also inadvertently push males away from continuing to take future

computer science courses.

5.4.1 Motivated Strategies for Learning Questionnaire (MSLQ)

At the end of the semester, students were asked to fill out the Motivated Strategies for Learn-

ing Questionnaire (MSLQ) developed by Pintrich et al [71]. The following contains an analysis

similar to the one presented in the manual provided by Pintrich [77], with one notable change,

while the manual would correlate to the final class score, we focused our correlation on the final
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exam score as that was a shared score between all three sections. The MSLQ breaks up the ques-

tions students answered into five categories. The first three categories: Self-Efficacy, Intrinsic

Value, and Test Anxiety; relate to students’ Motivational Beliefs. The last two categories: Cog-

nitive Strategy Use and Self-Regulation relate to a student’s Self-Regulated Learning Strategies.

Each question is broken up in the tables presented and can be mapped to the question wording

in Appendix A.3.

Table 5.9: Documents the average score for questions related to determining student self-efficacy.

CS164-Gold was highest, Green second, and Gold lowest.

Self-Efficacy
CS164-GOLD GOLD GREEN Correlation to

Final ExamAvg Std Div Avg Std Div Avg Std Div

Q2 5.08 1.29 4.53 1.65 4.82 1.41 0.26

Q7 5.87 1.02 5.21 1.40 5.49 1.37 0.36

Q10 5.18 1.47 4.89 1.62 4.92 1.52 0.34

Q11 4.69 1.38 4.64 1.54 5.05 1.37 0.14

Q13 5.31 1.49 5.03 1.45 5.10 1.35 0.34

Q15 5.12 1.72 4.95 1.57 5.04 1.41 0.42

Q20 3.54 1.48 3.91 1.52 3.95 1.29 0.00

Q22 4.36 1.48 3.87 1.70 4.44 1.42 0.14

Q23 5.88 1.19 5.49 1.42 5.36 1.32 0.30

Scale 5.00 1.39 4.72 1.54 4.91 1.38 0.26

Table 5.9 shows the average scores plus standard deviations for Self-Efficacy questions. The

overall category has the highest positive correlation to the final exam score, but still a weak

correlation at .26. Question 15, "I think I will receive a good grade in this class.", showed the

highest correlation among all the questions, showing a strong positive correlation. However,

given the time of when the survey was administered, most students had a good idea of their

grade already before taking the survey. Q7, Q10, Q13 all showed moderate correlation with the

final exam score. Question 20, "My study skills are excellent compared with others in this class.",

has no-correlation with the final grade. It is worth noting that the group that scored the highest

grades actually rated themselves the lowest on their study skills, and the group that scored the

lowest grades rated themselves highest.

98



Table 5.10: Questions related to students’ opinion about the Intrinsic Value of education and their learn-

ing. Both gold groups ended up with higher averages than Green, though only marginally. Does not show

a strong correlation to final exam performance.

Intrinsic Value
CS164-GOLD GOLD GREEN Correlation to

Final ExamAvg Std Div Avg Std Div Avg Std Div

Q1 5.42 1.26 5.03 1.26 5.13 1.26 0.23

Q5 6.25 1.20 6.08 1.22 5.99 1.31 0.22

Q6 5.98 1.19 5.91 1.19 5.51 1.55 0.35

Q9 6.15 1.26 5.72 1.52 5.71 1.55 0.31

Q12 4.61 1.50 4.68 1.37 4.65 1.42 -0.02

Q17 5.86 1.13 5.82 1.17 5.92 1.19 0.12

Q18 6.33 1.06 6.12 1.22 6.00 1.24 0.31

Q21 6.07 1.21 6.08 1.20 5.74 1.39 0.30

Q25 6.40 0.96 5.92 1.44 5.99 1.29 0.28

Scale 5.90 1.20 5.71 1.29 5.63 1.36 0.23

Intrinsic Value measures the student’s belief that their education and what they are learning

has value to themselves and their future. Table 5.10 breaks down the average rating for each

question related to intrinsic value. Q6, Q9, Q18, and Q21 all show a moderate positive relation-

ship with the final exam score and for all four questions both Gold groups scored themselves

higher. Question 6, "I like what I am learning in this class." showed the highest correlation, and

all four of the highest correlation questions focused on students like of the course or feeling that

specific topics will be useful. Question 12, "I often choose paper topics I will learn something

from even if they require more work." showed a negative correlation. This could be because

the course is not a paper topic based course, and may be poorly formatted for this particular

subject. Removing the question brought the average for the question category from .23 to .27,

making it the highest correlated category next to Self-Efficacy.

Test Anxiety is a known problem in academia, especially prevalent in STEM based disci-

plines that often rely on testing as the primary form to measure student outcomes. The MSLQ

has four questions related to test anxiety shown in Table 5.11, due to their positive wording, a

negative correlation is expected. For example, the higher someone rates their anxiety, the lower

they tend to do on testing. The idea of remembering facts often relates to STEM disciplines, and

Question 3, "I am so nervous during a test that I cannot remember facts I have learned." shows
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Table 5.11: Shows average rating from 1-7 related to Test Anxiety students feel. Both Gold sections are

lower than Green, indicating less anxiety in testing. The correlation to the final is a negative coefficient

as expected, but not high enough to represent a strong correlation.

Test Anxiety
CS164-GOLD GOLD GREEN Correlation to

Final ExamAverage Std Div Average Std Div Average Std Div

Q3 4.01 2.01 4.37 1.68 4.31 1.61 -0.26

Q14 4.57 1.85 4.82 1.73 4.71 1.68 -0.15

Q24 5.16 1.90 5.16 1.71 5.60 1.42 -0.19

Q27 4.36 1.99 4.29 1.72 4.40 1.51 -0.19

Scale 4.52 1.94 4.66 1.71 4.75 1.56 -0.20

the highest negative correlation with exam performance. Green had the higher self ratings out

of the groups, showing they tended to feel more anxious about exams.

Table 5.12: Contains questions related to various student techniques. The specific techniques were not

directly taught, and Green believed they employed more techniques than the rest of the other groups.

There is no correlation with how students felt they employ study techniques and final exam outcomes.

Cognitive

Strategy Use

CS164-GOLD GOLD GREEN Correlation to

Final ExamAvg Std Div Avg Std Div Avg Std Div

Q30 5.64 1.15 5.59 1.07 5.69 1.14 0.06

Q31 5.38 1.33 5.36 1.26 5.38 1.26 0.05

Q33 4.70 1.89 4.22 1.54 4.51 1.59 0.20

Q35 5.39 1.41 5.27 1.31 5.12 1.40 0.11

Q36 6.01 1.08 5.78 1.11 5.85 1.08 0.12

Q38 5.29 1.55 5.68 1.18 5.71 1.14 -0.11

Q39 3.63 1.93 4.24 1.75 4.12 1.85 -0.02

Q42 4.35 1.86 4.55 1.68 4.85 1.65 -0.07

Q44 5.99 1.20 5.79 1.17 6.08 1.21 0.25

Q47 5.69 1.28 5.66 0.93 5.82 1.09 0.10

Q53 3.70 1.88 4.25 1.79 4.12 1.67 -0.14

Q54 3.51 1.82 3.67 2.04 3.49 1.79 -0.08

Q56 5.79 1.04 5.68 1.19 5.90 1.06 0.18

Scale 5.01 1.49 5.06 1.39 5.12 1.38 0.05

Table 5.12 shows average student opinions about the cognitive strategies they use for learn-

ing. The strategies suggested in the question set were not necessarily strategies suggested by the

course, nor did they line up with the course design. However, most strategies recommended are
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commonly employed as elaboration strategies. Question 44, "I use what I have learned from old

homework assignments and the textbook to do new assignments." had the highest correlation

with the exam, though at a weak positive correlation of .20. A number of strategies had a neg-

ative correlation with the exam grades, with Question 53, "When I read material for this class, I

say the words over and over to myself to help me remember.", having the highest negative cor-

relation with exam performance. Overall, Green ranked themselves higher than Gold in most

areas, but the student self evaluation of their cognitive strategies had negligible correlation with

the final exam grade at .05.

Table 5.13: Questions related to student’s opinion of ability to self-regulate. Green scored themselves

higher than any other group, and the way the questions are answered does not show a correlation to the

final exam.

Self-Regulation
CS164-GOLD GOLD GREEN Correlation to

Final ExamAvg Std Div Avg Std Div Avg Std Div

Q32 4.89 1.41 4.66 1.52 5.01 1.49 0.10

Q34 5.07 1.48 4.91 1.32 5.38 1.16 0.19

Q40 4.29 1.75 4.39 1.59 4.05 1.61 0.00

Q41 5.26 1.45 5.38 1.50 5.58 1.24 0.06

Q43 4.94 1.65 5.03 1.23 5.17 1.49 0.05

Q45 4.32 1.86 3.78 1.77 3.88 1.64 0.26

Q46 4.51 1.86 4.43 1.59 4.40 1.62 0.07

Q52 4.75 1.66 4.87 1.59 4.97 1.39 0.02

Q55 5.55 1.42 5.38 1.60 5.85 1.30 0.13

Scale 4.84 1.61 4.76 1.52 4.92 1.44 0.10

Self-Regulation questions focus on student time management and focusing on how they

either add additional opportunities to study, or that they continue to study even if they are

disengaged or uninterested in the subject matter. Table 5.13 shows the questions related to

self-regulation. Question 45, "I often find that I have been reading for class but don’t know

what it is all about." is a negative question, causing the answers to be inverted when scoring.

It also showed the highest correlation of the group at .26. If students understood what they

were reading, they did better. This may also be connected to the reading being an interactive
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programming textbook. Overall, Green ranked themselves higher at Self Regulation, and the

category of questions had negligible influence to exam outcomes.

Looking across the question categories, the Gold groups ranked themselves higher on their

Motivational Beliefs compared to Green. The group groupings within Motivational Beliefs also

showed higher correlation to exam results, meaning student motivation, while only moderate,

may have had an affect on performance. However, looking at Self-Regulated Learning Strategies

student answers varied greatly, and the questions had negligible correlation with exam results.

Gold groups were more critical of their self-regulated strategies often ranking themselves lower

than Green.

5.5 CS 1 - Retention and Attrition

For most CS 1 courses, there is often the understanding that students who take the course

are taking their first CS course due to lack of exposure at the K-12 level. Students often quickly

learn that computer science and liking computers are very different topics, so there will be some

acceptable loss. At the same time, we want to minimize the number of students who choose

to not continue onto the following course, especially so for students who have to overcome

social barriers to their participation in computer sciences (underrepresented students, such as

women). Another way to look at it, any student who makes the conscious decision to continue

in computer science, should continue onto later computer science courses with the only barrier

being performance. Similarly, Any changes one makes to an introduction CS course, must be

evaluated against the number of students who could and chose to continue onto CS 2.

Table 5.14: Percentage of students who took CS 1 that chose to go into CS 2, split by reported gender.

Tech students are ones with declared majors requiring CS 2 as part of their degree.

Female(All) Male(All) Female(Tech) Male(Tech)

Green 43.3% 65.3% 72.7% 79.2%

Gold 62.5% 66.1% 83.3% 91.7%

CS164-Gold 95.7% 79.7% 100.0% 92.9%
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Due to the way the courses were curved by the instructor, 84% of the students who took

Green, Gold, or CS164-Gold all passed the course with a C or above, the minimum grade needed

to take CS 2. Table 5.14 shows the percentage of students who took CS 1 and chose to continue

onto CS 2 of the 84%. There is not a notable difference for males between Gold and Green, but

the very slight increase shows that the Spiral design did not hurt retention. For women, the Gold

section proved to have a much higher retention rate than the Green, by nearly 19.2%. The high

retention rate of women in CS 164 demonstrates a replication of the Wilcox and Lionelle paper,

which also reported near 100% retention of women if they come in with prior-programming

experience.

As there are many degrees that only need CS 1, but not CS 2, we only look at men and women

who were enrolled in a technology major that requires CS 2 for their degree. The technology

majors reviewed are as follows:

• Computer Engineering

• Computer Science

• Data Science

• Undeclared Technology Interest (seeking CS)

Gold students have a noticeably higher rate of retention than Green students. For women,

the Green had 72.7%, and Gold had 83.3% continue. For men, there is a notable difference.

Green had 79.2% compared to Gold’s 91.7%. Simply, students who start out interested in tech-

nology and programming, remain interested when using the Spiral method of teaching as com-

pared to the traditional.

Overall, the Spiral design was not designed to improve retention of students, but simply

improve performance with the hope that with improved understanding more students would

seek to take CS 2. These results show that not only does the Spiral design increase the number

of students who chose to move onto the next course, it has a particularly strong influence on

encouraging women to take CS 2.
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Chapter 6

CS 2 - Results

Since the overarching goal is information retention for a student completing a course, it is

important to analyze the next course in the sequence, which is CS 2: Data-structures. CS 2

had only one section where both Green and Gold students were grouped together. Students

self-selected lab time slots when signing up. We tracked both Gold and Green section students

throughout this course along with CS164-Gold.

For the following analysis 12 students were removed from the reporting results. The first

exam in CS 2 is meant to help determine interventions for students. Those who do poorly on

the exam are invited to take a "booster" course that teaches the same techniques for studying

that are the foundation of Spiral Design. While the results for the booster students are highly

interesting due to the success of the booster course over three semesters, the results are outside

the scope of this dissertation. It was also noted that the majority of the students were from the

Green grouping, meaning leaving them in the results would have reduced Green performance,

especially on the review exam.

Going into this analysis it is worth noting Wilcox and Lionelle showed that students without

prior programming experience would catch up to students with prior programming by the end

of CS 2 [3]. For comparison, Green and Gold students are students Without prior programming,

and CS164-Gold are students with prior programming. A guideline for success would be as

follows

• Gold outperforms Green on the review exam. As the review exam measures the exact

same topics as CS 1, increased performance would indicate greater long term recall of

topics.

• Gold continues to outperform Green throughout the course. This would indicate that

while students often "catch-up" to each other by the end of CS 2, the influence of the
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Spiral design remained with the students, showing one pedagogy is better at increasing

student performance than the other pedagogy.

• Gold students outperforms Green across assignment categories. This would indicate that

the Spiral design is not only beneficial in the taking of exams, but also programming and

other assignment types presented.

Section 6.1 details the results of the review exam, and reevaluates the learning outcomes

for the review exam between each of the groups. Section 6.2 details the topic exams in CS 2,

comparing understanding of new topics between the groups. Section 6.3 details both the as-

signment types and the final grades for students in CS 2.

6.1 CS 2 - Review Exam

CS 2 students are given a review exam at the end of week 2. The exam is essentially the CS

1 cumulative final exam, though due to the random question banks, the questions could be

slightly different. Adding in the winter break students had a 5-6 week break between exams be-

fore they are asked to retake it. Furthermore, the first two weeks of CS 2 are meant to be a review

of CS 1 with an emphasis on object oriented design. The Green group scored 63% as their me-

dian grade, and the Gold 73.2%, showing a 10% difference. A slightly larger difference than was

recorded at the end of CS 1 as shown in Section 5.2. Between the non-prior programming and

prior programming Gold categories, CS164-Gold scored 76.1% for their median grade, which

is 2.9% higher than Gold but the results are not significant with a a p-value of .24 at p < .05.

Both Gold and CS164-Gold had significantly higher results than Green, with average, median,

differences, and significant p-values marked in bold in Table 6.1.

6.1.1 CS 2 Review Exam - Outcomes/Topic Analyses

Similar to CS 1, the topics for the exam were tracked. They followed the same method as

shown in Section 5.3, including the decaying average method to calculate the score for the in-

dividual student. The averages for student outcomes are shown in Table 6.2. CS164-Gold met
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Table 6.1: Median score for the review exam. Green was outperformed by both CS164-Gold and Gold

significantly. Bold values are significant at p <.05.

Difference (p-value)

Average Median CS164-GOLD GOLD GREEN

CS164-GOLD 79% 76.1% - 2.9% (0.25) 12.9% (<0.001)

GOLD 76% 73.2% 2.9% (0.25) - 10% (0.03)

GREEN 66 % 63.2% 12.9% (<0.001) 10% (0.03) -

outcome goals (avg > 3) for every topic except Arrays, Input_Output, and Repetition. All three

topics often shared questions which could be a factor of the reduced scores. Gold showed sim-

ilar results, but also did not meet the recursion outcome, showing only 2.86 of the 3 needed to

meet the outcome; meeting 7 of the 11 outcomes. Green met outcomes in Branching, Common,

Fundamentals, and Methods; meeting only 4 of the 11 outcomes.

Overall, both CS164-Gold and Gold significantly outperformed Green both on the overall

exam score, and on the individual outcomes of the exam.

Table 6.2: CS 2 Review Exam (retake of CS 1 Final Exam) outcome mapping by student category. T-Test

was used to calculate P value, and bolded values are significant at p <.10.

CS164-GOLD GOLD GREEN T-Test p-Value

Avg Std Dev Avg Std Dev Avg Std Dev

Green

vs

Gold

Green

vs

CS164-Gold

Gold

vs

CS164-Gold

ALGORITHMS 3.51 2.06 3.00 2.15 2.92 2.07 0.42 0.04 0.11

ARRAYS 2.77 1.56 2.78 1.52 2.27 1.52 0.04 0.02 0.49

BRANCHING 4.52 0.67 4.27 0.71 4.05 0.74 0.05 <0.001 0.03

COMMON 4.02 0.88 3.70 1.34 3.20 1.15 0.01 <0.001 0.06

FUNDAMENTALS 3.83 0.74 3.71 0.83 3.02 0.80 <0.001 <0.001 0.21

INHERITANCE 3.73 1.34 3.40 1.50 2.70 1.49 0.01 <0.001 0.12

INPUT_OUTPUT 2.51 1.19 2.66 1.54 2.06 1.25 0.01 0.01 0.28

METHODS 4.67 0.77 4.44 0.99 4.58 0.86 0.19 0.27 0.09

OBJECTS 3.58 0.94 3.59 1.05 2.71 1.06 <0.001 <0.001 0.48

RECURSION 3.23 1.86 2.86 1.90 2.70 1.90 0.33 0.04 0.16

REPETITION 2.68 2.45 3.20 2.10 2.33 2.36 0.02 0.18 0.13
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6.2 CS 2 - Topic Exams

Figure 6.1 shows topic exams for the students grouped by their CS 1 teaching methodology.

After the review exam, students take an exam on every topic introduced in the course. The topic

groups (modules) are as follows. While they are not designed to be cumulative, in programming

most concepts end up being cumulative as concepts build on each other.

• Review Exam / Object Oriented Programming

• Recursion

• Testing / Lists / Generics

• Stacks/Queues/Priority Queues

• Expression Trees/ Binary Trees / Comparable

• B+ trees / Hashing

• Cumulative Final Exam

Figure 6.1: Module Exam Grades, Final exam for CS 2, broken up by CS 1 teaching methodology.
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The initial review exam includes the 8% curve that the instructor applied so it is consistent

across exam comparisons. This is separate from the results reported in Section 6.1 which were

presented with raw values. There is not a change in the significance since the curve for the

review exam was applied equally to all students.

For most students, there is often a drop on recursion due to it predominately being covered

in a discrete structures course in our department, though since the Green group did so poorly

on the review exam, they show a marginal increase. Testing, lists, and generics; and Recursion

are the two modules that Green did better than Gold, showing a 5% and 0.6% increase respec-

tively. However, the results were not significant at p < .10. Similarly, the results were significant

in all other modules in which Gold did better than Green at p < .10. Gold did better than CS164-

Gold on both Stacks and B+ Trees and Hashing, showing a 1.8% and 5% increase respectively.

By the final exam, both Gold sections showed a difference of 7.5%-8.3% increase over the Green

students, but only 0.8% difference from each other. Table 6.3 details the median grades, and

presents both the difference between topic median grades, and the p-value calculated using a

T-Test.

Table 6.3: Comparison of Median grades on Topic/Module Exams for CS 165. Difference calculations

are bold when grades were significantly different at p <.10. In every case in which Gold did better than

Green, the results were significant at p <.10, but Green was not significantly better than Gold due to high

variation between test results.

Module Exam Median Grades Difference (p value)

CS164-GOLD GOLD GREEN
GREEN vs

GOLD

GREEN vs

CS164-GOLD

CS164-GOLD

vs GOLD

Review Exam 84.1% 81.2% 71.2% 10.0% (0.03) 12.9% (<0.001) 2.9% (0.25)

Recursion 78.8% 73.1% 72.5% -0.6% (0.38) 4.4% (0.06) 5.0% (0.14)

Testing / Lists /

Generics
85% 80% 85% -5.0% (0.47) 0.0% (0.41) 5.0% (0.01)

Stacks / Queues /

Priority Queues
75.5% 77.3% 73.5% 3.8% (0.07) 2.0% (0.01) -1.8% (0.12)

Expression Trees /

Binary Trees /

Comparable

81% 77% 72.5% 4.5% (0.06) 8.5% (0.01) 4.0% (0.10)

B+ Trees /

Hashing
75% 75.5% 68% 7.5% (0.07) 7.0% (<0.001) -0.5% (0.01)

Final Exam 79% 78.3% 70.8% 7.5% (0.07) 8.3% (0.01) 0.8% (0.14)
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6.3 CS 2 - Assignment Categories and Final Grades

CS 2 broke up their assignments into the following categories, and weighted each category

by the listed percent. By looking at the categories, it is possible to determine how students

perform on different types of actions. Programming Homework and Labs both directly related

to programming skill. Exams and quizzes, while connected to programming, are focused more

on practiced recall and success at tracing code.

• Programming Homework (12%)

Programming homework assignments tend to be harder coding assignments meant to be

done outside of the lab environment.

• Labs (13%)

Labs are meant to be done during lab time, are smaller, but are graded based on comple-

tion of the lab.

• Quizzes (5%)

Quizzes are assigned at the beginning of the module, and students may retake them as

many times as they want until the module exams (usually two week windows)

• Interactive Readings w / zybooks (10%)

Are readings meant to be done before class sessions, focusing on both concepts and code.

• Module Exams (40%)

Taken at the end of every module, and detailed in Section 6.2. They may only be taken

once

• Final Exam (20%)

Final cumulative exam.

Figure 6.2 shows the grades based on the assignment grouping for the course. In all cat-

egories CS164-Gold is higher than Green, and Gold is higher than Green in all categories but
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Figure 6.2: CS 2 grades broken down by average percent in each assignment category, compared across

CS 1 groupings

Quizzes in which Green was .95% higher. By the end of the course, the weighted (and curved)

final scores of the course were Green at 78.16 for the median score, Gold at 83.37 (a 5.22% in-

crease from Green), and CS164-Gold at 84.82 a (6.66% increase from Green).

Table 6.4: Median grades by assignment type in CS 2. Bolded values show significant difference at p

<0.10.

Median Grade for Category Difference (p value)

GREEN GOLD CS164-GOLD

GREEN

vs

GOLD

GREEN

vs

CS164-GOLD

GOLD

vs

CS164-GOLD

Programming 87.71% 91.67% 95.83% 3.96% (0.04) 8.12% (0.01) 4.16% (0.15)

Labs 80.96% 85.38% 89.23% 4.42% (0.08) 8.27% (0.04) 3.85% (0.91)

Quizzes 98.10% 97.14% 98.57% -0.95% (0.17) 0.47% (0.01) 1.43% (0.01)

Interactive Reading 100.35% 105.45% 105.52% 5.10% (0.20) 5.17% (0.01) 0.07% (0.11)

Module Exams 71.60% 76.81% 78.27% 5.21% (0.08) 6.67% (0.01) 1.46% (0.11)

Final Exam 70.75% 80.00% 79.00% 9.25% (0.04) 8.25% (0.01) -1.00% (0.23)

Weighted Final Score 78.16% 83.37% 84.82% 5.22% (0.07) 6.66% (0.01) 1.45% (0.14)

Overall, the Gold students outperform the Green students, and Green students are not "catch-

ing up" by the end of the course. Table 6.5 details the final grades for the CS 2 students. There is
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a noticeable difference between Green and the Gold groups. Looking at C or higher, as C grades

are required to move onto the next course in the curriculum, only 65% of Green students passed

CS 2. Gold students had 80% pass while CS164-Gold had 90% pass the course. While there is

a difference between Gold and CS164-Gold, the percentage is influenced by the group sizes, as

there was only a 4 student difference between CS164-Gold and Gold, with 7 respective to 11 who

ended up with a D or lower. At the same time Green had 32 students who did not pass. With

that said, the Cohen D between sections is .37 a relatively small influence, but a much larger

influence compared to the .02 relation between the Gold sections.

Table 6.5: CS 165 final grade distribution based on CS 1 Section. 90% of CS164-Gold passed with a C or

above, 80% of Gold, and only 65% of Green. ANOVA between groups shows a p-value of .0007.

CS164-GOLD GOLD GREEN

A 22 31% 8 17% 21 23%

B 26 37% 20 43% 23 25%

C 16 23% 9 20% 16 17%

D 1 1% 2 4% 6 7%

F 6 8% 3 7% 17 18%

W 0 0% 4 9% 9 10%

Looking across CS 2, both CS164-Gold and Gold outperformed Green. Combining the vari-

ous tests throughout the course, and the continued significance, this shows a significant differ-

ence in the student skill level coming into, and throughout the course.
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Chapter 7

Discussion and Conclusions

In this chapter, we analyze and comment significant findings from the data presented in

Chapter 5 and Chapter 6, while also adding to the discussion of the Spiral Design. Section 7.1

provides an analysis of the results with a focus on how the results between the different courses

are related, and potential influencing factors. Section 7.2 provides a repeatable methodology

for building a course around the spiral design, along with teacher guidelines when implement-

ing the design. Additionally, further research questions are explored that came from the Spiral

Design and how those questions can benefit the future CS education community. Finally, we

summarize the paper’s research questions and conclusions in Section 7.3.

7.1 Results Discussion

The primary goal of the Spiral Design was to see if restructuring around the principles of

memory and recall would show benefit to students’ performance in the restructured course,

and increased recall in the following course. In Chapter 5, we evaluated the final exam for CS 1.

The choice to evaluate the final exam came because once the course was restructured with the

spiral pedagogy, that was the only point which aligned between the two sections. In addition

to the exam, student performance at the topic/outcome level was tracked using the exam as a

means to track them.

The exam itself proved to be a difficult exam, with the highest median grade being 65.7%

and the highest average being lower at 60.1% for students taught using the spiral methodology

who had prior programming experience going into CS 1 (CS164-GOLD). The no-prior program-

ming students taught using the spiral pedagogy (GOLD) scored 65.5% for their median grade,

and 59.5% average, while the students taught using the traditional pedagogy (GREEN) scored

only 56.4% median and 53.5% average. It was found that the difference between both Gold sec-
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tions and Green was significant, while the difference between the two Gold sections was not

significant.

Two major points stand out in these results. The first is the obvious that Gold is scoring

higher on the exam than Green. However, there is a rather large standard deviation for both

groups, causing the Cohen’s d to show only a small influence. While students struggled with the

COVID-19 pandemic, it was witnessed across courses that some students struggled more with

the online environment than others; causing increased DWF rates department wide. With that

said, the significant difference between Green and Gold, and the Cohen’s d showing some in-

fluence helps solidify that the new pedagogy is having an affect on student performance within

the current course. Furthermore, most research design decisions focused on biasing the data

towards the Green section. This may actually be reducing the overall influence of the Spiral

Design, since it had a higher hurdle to overcome compared to the traditional design to show

positive influence in student outcomes.

The second major point comes from the historical work done by Wilcox and Lionelle [3]. By

the end of CS 1, before the spiral pedagogy, students with prior programming significantly out-

performed students with no-prior programming experience. However, once the Spiral Design

was implemented, students with no-prior programming ended up performing equivalent to

those with prior programming. This was an unexpected outcome as past experience showed it

usually took two semesters before those with no-prior experience caught up to those with prior

experience. The caveat to this influence is that the prior programming experience students of-

ten started higher on previous exams, and it wasn’t until the end of the semester that the Gold

students began performing equivalently. Also, the number of CS164-Gold students going onto

CS 2 compared to Gold is a noticeable difference, especially for the women. As such, while

the two groups are equivalent in performance at the end of the semester, the slight differences

between the groups add up across the semester. Also, past experience is a major influence in

students choosing to continue onto more CS courses.
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Diving more into the exam, Section 5.3 details the individual learning outcomes/topics ex-

pected of the students in CS 1. While there are a number of ways mastery of topics was pre-

sented, one of the more telling ways is Table 5.6. Only the top 1% of Green students demon-

strated mastery in all 11 learning outcomes and only 5% showed mastery in 10 of the 11 (i.e.

90% of the course content). For both Gold groups 12% of the students showed mastery of all 11

topics. In a perfect world we would want 100% mastery of all topics before students move onto

future courses, but such an expectation was not designed into the course, nor were the repeti-

tion opportunities available. With that said, only 1% showing mastery is abysmally low. Even at

only 90% mastery of topics, the Gold sections show mastery at 29% for CS164-Gold and 23% for

Gold, a drastic difference from the 5% of Green. This supports that Gold is doing far better on

their overall understanding of the topics.

While the quantitative analysis of student performance is straight forward, the student sur-

vey presents a few curious and unanswered questions. Looking at the four pre and post ques-

tions, students in the Gold sections ended up liking CS a lot more by the end of the semester

than what they thought at the beginning of semester. However, they either lost confidence in

their own ability to program, or they gained a better understanding of their ability answering the

questions more realistically. Especially for the male students who had a drop in their opinion

about their ability to learn CS, it is possible they simply didn’t have a good enough grasp of the

topic to answer that question with validity. A common saying in the department is that Com-

puter Science is not liking computers, and that saying stems from the experience of students

coming into CS because they like computers causing them to drop when they find the em-

phasis on problem solving. When looking at it by gender breakdown, the increase in women’s

interest is noticeable compared to the males. This may also be a major contributor to the dif-

ference between women in Gold compared to women in Green who choose to go onto CS 2, a

19% difference in the number of women in Gold who choose to go on is a noticeable increase.

However, like does not always mean increased scores, or does it?
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The MSLQ answers reinforced the idea that opinion does not equate to performance, and

that Green students often ranked themselves higher on their study skills compared to Gold even

though Green performance was lower. The Gold groups would rank themselves higher in their

motivational beliefs, which did have a small correlation to performance. This ties into the two

questions on liking Computer Science in the pre and post question survey. Gold was higher

in their interest, and that also seemed to translate in their self-reflection to their motivation

in performing well. Based on these results, increasing student interest has the ability to affect

both student’s desire to take the following course and their performance in the current course.

Though this study showed interesting results in this direction, a more comprehensive study

would be beneficial; focusing on increasing student motivation and seeing if there is a direct

relationship to retention and grades.

The students who chose to continue onto CS 2 were all placed into the same course with

the same instructor. Their labs varied only in self selection of times, which means labs also had

a variety of students from all three groups in them. In the work by Wilcox and Lionelle, it was

found by the end of the semester that no-prior and prior programming students were equiva-

lent, though arguably that could be because only the best of no-prior programming took CS 2

given the high attrition rates in the traditional design. In this case, the Gold and CS164-Gold

students are already showing equivalency to each other, and Gold is already showing higher re-

tention of students than the traditional no-prior programming course (Green). Going into the

analysis that change does matter in two ways. One, it is important that Gold and CS164-Gold

stay mostly equivalent between each other, and two, Green may be only sending on the "best" of

their students to take CS 2. However, with that said, the size of the Green section was noticeable

enough that the number of Green students is still more than the Gold students. Furthermore,

Green students include students who took the traditional methodology in other semesters and

who may have delayed taking CS 165, which increases their numbers.

One of the stronger tests in CS 2 is the review exam. Students are given the same final exam

as CS 1, but due to the question banks, they would end up with mostly different questions. Run-
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Table 7.1: Topic exam correlation with the final grade.

Topic Exam Final Score

Review Exam (Curved) 0.58

Recursion 0.68

Testing / Lists / Generics 0.74

Stacks / Queues / Priority Queues 0.84

Expression Trees / Binary Trees / Comparable 0.81

B+ trees / Hashing 0.85

Final Exam 0.91

ning a correlation, it was found that the review exam has a 0.58 influence on the final grade (see

Table 7.1), so it really was focused on a review of their knowledge from CS 1 helping answer

the question "of how much was recalled". Both Gold and CS164-Gold performed similarly, and

they both outperformed Green significantly. By showing similar results to the Final exam in CS

1, and increasing just slightly in the difference between median and average grades, it shows

increased recall of the topic matter after the winter break. If we look at the Cohen’s d as mea-

surement of the influence of the recall, we have large affect size of 0.89 between CS164-Gold

and Green, and a medium affect of 0.69 between Gold and Green. This means that not only

are the grades significantly different, there is a noticeable influence affecting the groups. Com-

bined, the p-values and Cohen’s d present strong evidence that the Spiral teaching methodology

is helping students retain the information, and present it again on the exam. It is also important

to note that while CS164-Gold is slightly ahead of Gold, the results are not significant, and the

Cohen’s d is negligible (.02).

Looking at the correlations it is also worth noting that the exams with the highest corre-

lation to the final grade, outside the final exam, are also the two exams that Gold scored the

highest grades, even above CS164-Gold. Essentially, Gold was able to demonstrate a strong un-

derstanding in both those two areas, which had an .84-.85 correlation to the final grade. This

could contribute to the higher grade at the end.

Having grades slightly above, but not significantly above across the course really added up

for the overall grade at the end of the course. Gold ended up with a fair percentage of B grades
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while CS164-Gold ended up with the most A grades out of everyone. There was also a significant

difference between Green and Gold, but not Gold and CS164-Gold. It is a clear reminder that

even though the difference is small throughout the course, it continued to add up, and seeking

even small differences can have an affect on whether students pass a course or not.

A common critique of the using practiced recall is that while it can help students perform

better on exams, are we truly enabling and improving their programming ability? While the Spi-

ral Design includes far more than practiced recall, it is worth noting that as shown in Table 6.4

both Gold groups outperformed Green significantly in programming and labs. While the Co-

hen’s d only showed a small influence (0.31 Green vs. Gold, and 0.52 vs CS164-Gold), that small

influence added up. It is also noticeable that Green had a lot more variation with nearly double

the standard deviation in grades (26 compared to 13). The labs showed the same range as the

programming assignments, though the grade differences were a bit higher. Through these re-

sults we are able to show that the Spiral Design does indeed help improve programming ability,

though it would be a good future research project to see which aspects of the design influence

programming capability the most. For example, is it the practiced recall or the labs that inten-

tionally practice interleaving? Since this experiment looked at the overall design, the smaller

components are impossible to break out from the overarching design. Arguably, breaking the

components out would not have as strong an influence, as probably there is a some contribu-

tion between all the techniques that are showing higher performance in CS 2, including pro-

gramming performance.

Overall, there is enough data to strongly indicate that the spiral pedagogy is having an in-

fluence on students and their performance, but there are still some questions on exactly how

strong that influence is from each of the components of the design. This provides a potential

area for future research, as attempts at adopting individual components could be measured.

For example, just adding the opportunity for practiced recall, as compared to spacing out the

actual topics of the course or forcing the labs to include interleaving of topics to encourage

discernment.
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7.2 Design Considerations

Throughout two years of using the Spiral Design, first in CS 0 and then in CS 1, there are

a number of insights which developed that are causing us to slightly modify the design. This

section details both the process used in the design, feedback about the design, and suggestions

for modification. Additionally, I dive into future research ideas that came from the implemen-

tation of the Spiral Design. This section can be used both as a guideline of what to do as well as

considerations for future research.

7.2.1 Converting to a Spiral Design

When looking at a course to convert to a Spiral Design, the first step was looking at the cur-

rent topic list of the course. This list is often a bit more expansive than the learning outcomes,

but in good course design it may overlap. For CS 1, it was the 15 week schedule as topics. For

CS 0, it was a focus on the learning outcomes from the CS 0 course.

After the topics have been designated, we then broke the topics up into sub-topics, aiming

to develop at least two, ideally three subtopics. Table 7.2 shows the breakdown of the Conditions

/ Logic topic. In the traditional model these topics are all taught within one week (sometimes

switch statements are delayed), and then students move onto new topics with the expectation

to know or return to the topics themselves to gain clarity.

Table 7.2: Example of breaking down conditions into sub-topics. Each sub-topic is a natural breaking

point.

Topic Sub-Topic Dependency

Conditions / Logic

condition statements

simple primitive

comparing,

no Boolean operators

Booleans

Conditions / Logic
Boolean operators

(&&, ||, etc)
condition statements

Conditions / Logic
Conditional Expressions

(ternary statements)
condition statements

Conditions / Logic Switch Statements condition statements
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The choice made for the spiral method was to break each topic up with a three week space

between topics using three iterations by combining Conditional Expressions and Switch state-

ments. These were combined simply due to room in the overall 4 units. The goal was to give a

few weeks of experience using simple expressions before adding complex expressions, and then

adding switch and conditional expressions as additional tools. There is repeated emphasis that

often when we return to a topic, we are gaining more tools to make our code easier.

However, even this simple example ran into issues within the books for the course. Most

books lump boolean operators with the boolean primitive. However, the boolean primitive

needs to be introduced when working with condition statements. As such, we were forced to

introduce boolean primitive only in lectures and labs and not the initial reading. It was rather

surprising the number of times small structure considerations come up in the books for pro-

gramming that assume or teach content simultaneously making it hard to split topics. For ex-

ample, when files are introduced both reading and writing are often introduced immediately

and then more in depth of each. An ideal split would have been to separate reading and writing

so students can practice reading files for a few weeks, before writing files. While we were able to

make this split, there was some overlap in the interactive reading assignments. Additionally, it

would have been ideal to have exceptions separate from file reading, but most books introduce

them together due to the necessity of needing exception catching in Java. While these are more

obvious cases, the less obvious case is the assumption that students know both do-while and

while loops at the same time and they often use them as examples to show the different types

of loops. In the Spiral Design, we focus on one subtopic, like a while loop, and then use the

comparison a few weeks later when do-while loops are introduced.

When breaking topics into subtopics, careful consideration needs to be taken into account

with how that division really is within the resources. Probably the greatest limiting factor in the

Spiral Design is that we are often not used to thinking about certain topics separately. Instead,

we treat them as one giant lump of information and looking at scaffolding that information

across multiple weeks is very different from what most people were taught over the years.
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When designing labs for the Spiral Design, careful consideration needs to be placed into

asking too much of students right away. As such, once topics were designed, we focused on

first building the book (or zybook in our case) that matched as closely as possible, and then

focused heavily on the labs. With the Spiral Design, students are introduced to topics in what

is essentially a rapid fire sequence, and in order to balance that, it was found the labs when

first started needed to provide the design considerations and layout. Essentially, we created a

template to follow in which students were filling in each method like they were answering a

math problem. This let the students focus on the simple side of the topic while also seeing and

experiencing future topics, such as design questions and how methods truly interact.

When designing lectures and assignments in general, this same idea of giving students a

glimpse of the future was utilized. Provide examples based only on what they know, but in

context of how they can be applied in the future. For example, with conditionals / if-statements,

we used nested if-statements to figure out if a value was within a range of two numbers.

i f ( x < 100) {

i f ( x > 0) {

System . out . print ln ( "X i s greater than 0 , and l e s s 100" ) ;

}

}

When we introduced complex conditionals, the code became much simpler for something

the students had already been working on the past few weeks.

i f ( x < 100 && x > 0) {

System . out . print ln ( "X i s greater than 0 , and l e s s 100" ) ;

}

This intentional design choice helped students see connections between the various units and

the return to topics.

While this topic division + spacing of topics worked well for CS 0 and CS 1, there would be

other ways to breakup the content of any course that may look very different. For example, in
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CS 2, one could also break the course topics down into subtopics, but instead of it being simple

stacks, and more complex stacks, it could be introduction to stacks and then implementing

stacks after they have had a few weeks of using them via commercial (SDK) libraries. Such a

design would still force interleaving of topics, spacing of the main topic, and include an aspect

of student discernment of which tool is correct for which situation and then eventually learning

the details of how that tool is implemented. At its heart the steps are still the same:

• Define

Define course topics / objectives.

• Divide

Break topics into subtopics, ideally with clear lines.

• Dependencies

Determine dependency between topics.

• Restructure

Restructure order based on subtopics, returning to a topic every 3-4 weeks by way of

adding an additional sub-topic of that topic. Another way to put it, determine what not

to teach, so you can come back to the topic in 3-4 weeks.

• Build

Build assignments based on students first focusing on concepts, then building into more

complex connections later in the course.

• Intentional Design

Design lecture and content that "hints" at the next subtopic to be covered, so that stu-

dents are prepared when the subtopic brings them back to the primary topic.

The hardest part about implementing this design is that the tools, such as the book, don’t

align. The other difficulty is taking the time to critically reflect on which topics are essential
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right away and which ones students can wait on so the instructor has built in topics to return

to.

7.2.2 Teaching Feedback and Suggestions

When implementing the Spiral Design and working with students there is one suggestion

that stands above the rest, encourage a growth mindset. The entire Spiral Design focuses on

students coming back to topics and that they should not punish themselves if they don’t get it

right away; that everyone is learning. However, students come into the course already taught

that they must master a topic before moving on and that if they don’t have it mastered right

away they must be failing. The first four weeks consisted of reminders every few days that they

can do it, that they should focus on a growth mindset, and that we will indeed come back to the

topic. Needless to say, working against preconceived notions of immediate mastery (no matter

how false they actually are) is a difficult barrier to overcome. When running the Spiral Design,

we spend a lot of time asking both the TAs and instructors to encourage students and often that

encouragement made all the difference.

The second major suggestion is for instructors to use technology to their advantage. In order

to get students to read before coming to lab, we setup an enforced rule that the reading had to

be at least submitted, even if they could go back to redo it, before they could open up the lab

assignment. This one change in CS 0 nearly doubled our initial scores in lab, and reduced the

amount of questions. Partially, this is due to how the course is structured, and not specific to the

Spiral Design. Our courses were designed that the interactive reading participation problems

were to be done before lecture. Students then attended a lecture with heavy peer instruction

and then they went to lab the following day to apply what they learned. This model requires a lot

of reminding on the part of the instructor, as like most classes, students struggled on completing

the reading.

Related to technology, while we designed the Spiral version of CS 1 to have a Knowledge

Check after every lecture, even though they were asked only 1-3 questions, students found the
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number of items due every week to be overwhelming. We have since reduced the number of

knowledge checks to once a week, with 4 questions. This effectively gives them one or two

questions per topic covered that week and causes the knowledge checks to have more variation

between attempts. We also moved to requiring a 3/4 of the knowledge checks to open up the

next module (week/labs/etc), as a way to keep students motivated and working at pace with a

course that has flexible due dates for some assignments.

The last major suggestion, double check all examples. It was very easy to have a lab or class

example have a topic we had not yet covered in the course. With our own experience, we are

very used to doing the shorter path in programming. Since the Spiral Design is not teaching

all the tools, it does not mean the students covered all the topics. To the instructor, they think

nothing of having += in their code. However, students don’t cover += right away as that isn’t

covered until week 5, after they have been using the longer form of ‘val = val + something‘ for

a while. Careful consideration and attention to detail needs to happen to make sure there isn’t

topic creep confusing students.

Overall, there aren’t very many pedagogical concerns to consider when implementing the

Spiral Design. The most common essential we kept coming back to is motivating students and

reminding them when we will return to a topic. Most of the students have that "aha moment" as

it starts making sense the second or third pass through a topic. Simply put, it is a course design

that makes the course feel easier, not harder even though more topics are introduced. In order

to accomplish that feat, the learning curve feels steeper at first as compared to a traditional

design.

7.2.3 Future Research: Designing Across the Curriculum

The inspiration for the Spiral Design originally stems from the Spiral Curriculum Design, a

process largely attributed to Jerome S. Bruner [114]. The theory is that concepts are repeated

throughout a curriculum with deepening levels of complexity at every pass. While some col-

lege departments have implemented this curriculum design [115], it is largely unknown within
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a university domain as a curriculum design, though it has been suggested for K-12 educa-

tion [116]. A future area of research would be to look at the ACM/IEEE Core CS Curricula stan-

dards and lay them out using a spiral design across the core curriculum.

The ACM Body of Knowledge topics provide an overview of what they encourage CS pro-

grams to have in Tier 1, Tier 2, and Elective categories for topics. These categories are not de-

fined by courses intentionally, and there is even encouragement within the document to come

up with new and creative courses that go across the standards. What traditionally happens is

that standards are grouped into a single course or maybe across two courses in a CS curriculum.

For example, at CSU the Algorithms and Complexity knowledge area has most all of its topics

covered in CS 320 (Algorithms Theory and Practice), both from the familiarity level through the

usage level of understanding of the learning outcome topic. While some topics are introduced

in CS 165 (CS 2: Data Structures), and some topics are reinforced in CS 220 (Discrete Structures),

there is no specific alignment across the topics.

In order to implement a Spiral Design, the lower division courses would focus more on the

familiarity topics with some assessment and usage mixed instead of focusing on bringing stu-

dents to mastery levels of "foundational concepts". For example, CS 1 would incorporate best,

worst, and expected cases of using algorithms; while CS 220 would then focus on assessments

of those uses while introducing graphs to students. CS 320 would then focus on having stu-

dents apply the techniques with intentional relationships back to when students last covered

the topics in the previous courses. It could then apply assessments of graph techniques and

some usage.

Another example would be Data Structures. Many departments, including our own, treat

data structures as the second course in the sequence in which students must learn the foun-

dation of all data structures to be used in future courses. This is asking students to completely

master the topic of data structures before moving onto other courses, yet we know students

don’t immediately master topics with practice. I would argue that practice should be spread

across multiple semesters and years. A way to accomplish this would be to swap the ordering of
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courses, so that Data Structures is later in the sequence, then a CS 2 course would be a software

engineering course. That software engineering course would naturally build upon the concepts

of CS 1 while introducing students to the use of data structures. They would have the oppor-

tunity to be introduced to algorithms and Big-O complexity, while diving deeper into software

design. They would be introduced to the data structures without being asked to program those

data structures in depth. Instead, they would gain knowledge of when to assess the best usages

of which data structure. This would then take the more difficult topics in CS 2, such as recur-

sion, and allow those topics to continue to be spread across multiple courses throughout the

core curriculum until mastery of the topic is expected of students.

While there were aspirations of developing a full spiral curricula for this dissertation, the

realism of the problem prevented such aspirations. When looking into it, many of the topics

throughout the core were not carefully defined, which would mean the first pass would be fo-

cusing on aligning the current courses with the ACM/IEEE core knowledge areas. Those knowl-

edge areas would then ideally need to be linked to more concrete outcomes that follows closer

to Bloom’s taxonomy [81], which would then allow for dispersal of outcomes across new course

designs. Such would involve numerous committees, and arguably multiple years, to develop a

full curricula that would be very different than how people currently visualize the CS sequence.

It would have to focus on how to teach students to think and look at problems while building

examples across courses for students to create mental links back to previous topics.

With that said, this would be a good area of future research and development, as a number

of programs could benefit from a spiral curricula. Careful consideration will be needed in how

such curricula would affect transfer students, and also accessibility of the program for non-

majors (students only taking one or two courses). Simply, just because a prerequisite says a

student was introduced to the topic, it should not be assumed they have that introduction, and

resources would need to be developed to support the curriculum design.

A simpler approach may simply be to take key paired courses (CS 220 and CS 320 for ex-

ample) and restructure them so in CS 220 they follow individual spiral curriculum techniques,
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purposely having students introduced, and then reintroduced to topics both within the course

and between the courses. Another simpler starting point is to carefully evaluate the CS 2 and CS

3 sequence in most departments, and ask, "Is it better to use something before understanding

the fundamentals of how it works, or is it better to understand the fundamentals of how it works

before using it?" This is another open research question in our field.

7.2.4 Future Research: Standards Based Grading

In the book, "Grading for equity: What it is, why it matters, and how it can transform schools

and classrooms." Feldman encourages a critical look at the grading process, and how our cur-

rent 0-100% scale is not a very equitable or even mathematically accurate means of assessing

students. The argument is that student grades should focus on formative assessments, assign-

ments that students can and should redo until the assignments are correct, and summative as-

sessments, assignments that students are demonstrating what they have learned in the course.

Feldman then recommends using a scale from 0-4, matching the GPA scale based on the out-

comes / standards for each assignment [117].

Standards based grading has been around for a number of years, and it focuses on the idea

that student grades should be based on them meeting the standards of the course. It is a very

growth mindset focused grading system, in which students are given opportunities to show that

they either meet or exceed the standards, and if they don’t they have to fix areas they don’t meet.

Using Feldman’s example, students would be graded on the mode of the standards. For exam-

ple, if the student had a majority of 4s in all topic areas (he suggested grading each standard as

4 exceeds, 3 meets, 2 almost meets, and 1 needs improvement), they would receive an A in the

course, a majority of 3s would equate to a B in the course, and so on. Another way to implement

standards grading is based on the number of standards students met, so if they meet 90% of the

standards they have an A in the course. The biggest complaint about this model at a college

level is that students need to have time to go back to a topic, and frequently are difficult to build

into a course that is only a semester long teaching an entire content area.
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The Spiral Design compliments standards based grading as the course designer has already

built in points to go back to topics. With every pass of the spiral, in a standards based grading

environment, students are given the opportunity to demonstrate mastery in that topic area.

Additionally, since programming is cumulative, that demonstration can continue to happen

throughout the semester if it is planned. Eventually, the formative assessments would become

summative as the end of the semester approaches.

While formative and summative grading is possible, and already currently being explored,

true standards based grading is currently limited by the tools used in Computer Science, espe-

cially tools used in introductory level Computer Science courses. Most notably, auto-graders

often only report the number of passed and failed tests. Those that integrate directly with an

LTI often report it as a point score (including partial points). Standards based grading often

uses whole numbers, and the tool would need to report points directly as meeting outcomes

on an individual test basis. Such a tool does not currently exist. For standards based grading to

be feasible for large class sizes, like those shown in lower division CS courses, such tools would

need to be developed.

The development of auto-graders that can report by standards and outcomes being met, an

analysis of the accuracy of that reporting, and standards based grading in Computer Science

courses are all areas of future research. The Spiral Design naturally works with the idea of stan-

dards based grading, as can be seen with the outcome performance, but without these tools in

place it will still be limited.

7.2.5 Future Research: Software Application - Interactive Quizzes

When working with knowledge checks, the limitations of the quizzing system in Canvas, or

most learning management systems, quickly became apparent. These quizzes end up focusing

on reading code because all we are able to ask are questions that involve reading code and not

interactive coding sessions. While questions can be carefully worded to help improve a stu-

dents’ coding ability, there is something to be said about asking students to recall small bits of
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code to write, test, and see the output. There are websites, such as codingbat.com [118], that

help with interactive coding, but they are based on a traditional design that may have assump-

tions about student knowledge. Additionally, those practice sites are not built into the course

design in which students must work on knowledge checks in order to open up the next module.

A tool that would be ideal, not only for the Spiral Design, but for other courses would be a

quizzing based tool that can interleave both code reading and code writing questions. Further-

more, the tool would ideally be focused on topics and standards based grading so that students

will have questions on previous material interjected into the mix of current questions. A short

list of specifications could be as follows:

• LMS Quiz Tool Interaction

Similar to the new quizzes, the tool would ideally need to interact with LMS systems as

another tool to represent quizzes.

• Outcome Alignment

Questions should be able to be aligned with outcomes/topics for reporting of grades.

• Outcome Mapping

By having outcomes mapped to each other, the tool could interleave past topics into cur-

rent topics forcing the student to have a refresher of a past topic (potentially from a past

course) to help them understand the newer topic.

• Question Banks

Based both on outcomes and difficulty (pass in the spiral), questions should be able to be

assigned to question banks where questions are randomly pulled from the banks.

• Variable Input Questions

Some questions should have the ability for variable inputs, allows a limited number of

auto-generated questions. A unique feature more specific to software engineering, would

be applying mutations to questions in a manner that students would be able to detect

and fix code broken by the mutation.
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• Coding Questions

Allow an interactive limited IDE, and the ability for students to have immediate feedback

once they submit the question for grading. These questions should ideally be limited to

sub-parts of an entire program, and not require all the wiring that needs to happen for

some languages. For example, they write a method that simply loops through an input

String, and returns every other character.

• Code Question Mutation

Ideally, once a code question has been created, parameters for expected input and output

could be put into place, allowing the same question to be used without much change to

the original testing protocol. Such a system could be "question", "input range for each

parameter", "output range".

• Analytic Report Generation

Ideally students would be able to quickly see information on their study habits, how they

are doing on topics / outcomes, and suggestions for improvements in how they study.

This would also be useful for instructors, especially aggregate reports between courses

that could report areas of weakness of the incoming cohort with suggestions for interven-

tion.

• Intervention Suggestions

If a student continues to struggle in a topic area, since the tool is mapped to outcomes,

it may also be possible to map suggestions for intervention (videos, additional readings,

study group times, etc) to those outcomes. At certain intervals, such interventions can be

recommended to the student based on their performance.

• Sharing of Question Banks / Student Question Generation

Ability for students or other instructors to generate their own questions, and share ques-

tions to others in the course and across question banks. Such a system would also need

curation and confirmation on a course by course basis.
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This type of tool would help students practice spacing, interleaving, and practiced recall

while focusing more on problem solving over memorization. It also could be developed in it-

erations, initially focusing on a quizzing tool that also allowed coding questions at first, and

build up from there to a full fledged study tool based on the same principles used in the Spiral

Design.

7.3 Conclusion

In Chapter 4, three guidelines for success were presented.

Q1: Given that going to spiral allowed us to add content without reducing learn-

ing, what happens when CS 1 is designed around the Spiral Model without adding

content? Will student performance in the current course increase?

Yes. Students who learned via the Spiral Design outperformed their peers in the traditional de-

sign on the final exam by 9%. This is a significant increase in performance, showing an increase

in performance in the current course. Furthermore, when tracking at the individual outcome

level, Green students failed to meet the majority of the outcomes, while Gold students met all

but three of the major outcome/topic categories tracked. Lastly, when the same exam was pre-

sented to students in CS 2, as a review of CS 1 content, Gold students outperformed Green

students by 10%. The spiral pedagogy showed moderate influence on Gold vs. Green with a

Cohen’s d = .69, and a high influence on CS164-Gold vs Green with a Cohen’s d = .89.

Q2: Given CS 2 is often the great equalizer in student performance no matter their

programming background, will students who learned via the Spiral Method in CS 1

outperform students in CS 2 who learned with the traditional methods in CS 1?

Yes. Gold students outperformed Green students in the following CS 2 course in multiple ways.

They start by retaking the CS 1 final exam for review, showing an increase in retention after the

winter break, increasing the gap between Green and Gold to 10%. They also outperformed on
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all assignment categories showing not only increased capability in testing, but also in the pro-

gramming skills needed to be successful in CS 2. Lastly, by the end of the course 15% more Gold

students passed with a C or above than Green students, with Green showing 65% passing with

a C or above and Gold showing 80% of their students passed. Simply, not only do Gold students

start off higher than Green, the Green students never truly catch up to Gold in performance.

Q3: Any modern changes should not hurt inclusion and retention of students be-

tween courses, does the Spiral Method at least encourage equal, if not improved

retention of students who come from underrepresented backgrounds to continue

onto CS 2 as compared to the traditional method?

Yes. We looked at the number of students who passed CS 1 in each group, and who chose to go

onto CS 2. Gold showed a noticeable increase in women who chose to go to CS 2, increasing by

19.2%. Overall, the Spiral Method continues to encourage students to move onto CS 2, meaning

the changes didn’t affect retention per the condition for Q3. Furthermore, it actually had the

opposite affect, increasing student retention, so we see less student attrition between the two

courses.

With all the benefits of the Spiral Design, there is little reason to not implement this type of

design for CS 1 and to look at how it can affect the content of courses. At the same time, such an

implementation is not a trivial task. The design works against the traditional way our courses

are taught, making resources difficult to find. Furthermore, it isn’t at first the most common

way we think when we design a course. While most course design looks at the topics and how

they layout, the Spiral Design adds the stage of looking at the topics by breaking them up into

additional cycles. Making us look at how we can integrate the spiral across topics. This type of

implementation may take training and additional time spent on resource development.

In addition to the affects of the Spiral Design, additional research topics were discussed

related to the Spiral Design and outcome tracking of students. These topics included looking

at how to apply the design to other courses, how to apply the design across a curriculum, the

implementation of standards based grading which the design naturally compliments, and tools
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that could be implemented to help promote the same techniques used in the Spiral Design.

These topics help solidify the benefits of the design; both to the teaching and future research

communities.

Looking back at the Spiral Design, it may be possible to argue that it is simply good design

to take learning outcomes and design a course across multiple iterations of those learning out-

comes. With each pass students develop greater mastery of the topic as they go deeper into the

topic. Looking at the design in this manner is to simply state that it is a good iterative design

practice focused on measuring student outcome success.
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Appendix A

Evaluation Materials

The following appendix shares evaluations for the research methodology that students in-

teracted with.

A.1 Research Disclaimer

Let’s start with a survey to get a foundation of where you are all at. We will repeat

this survey at the end of the semester to see how your opinions have changed. We

are also looking at self-regulation and how that relates to performance.

This semester we are researching differences in teaching pedagogies. Please note,

all data will be aggregated (combined) and anonymized - which means at no point

are we reporting on individual results. For example, we will say section A had an

average grade of X, while section B had an average grade of Y. With that said, we

also value your privacy, so you have the option to opt-out.

If you are interested in having your data removed before publication in the compar-

ison of CS 163 pedagogies, please email the following to lionelle@colostate.edu.

“As a possible human subject in the research occurring as part of the CS 163/4 –

Fall 2020/Spring 2021, I am opting to not allow my data to be used in the study. I

understand that there is no penalty for not contributing my data to the study.

This is only a waiver to opt out any data collected from my participation to be used

for publication. This is not a waiver of participation in the course itself, or collection

of data for course grade and department use.”

Please have in the subject line “OPT-OUT: CS 163/4”. I will have the emails go to an

email folder, and then confirm after grades are posted of your wish for your data to

be removed.
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If you have any further questions, feel free to email Albert.Lionelle@colostate.edu.

IRB Approval PROTOCOL NUMBER: 20-10279H

A.2 Exam Question Exemplars

Figure A.1: Sample exam question with color coding. Only certain ones had the color coding, just simply

based on who designed the question.
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Figure A.2: Sample drop down choices exam question. Often ’noise’ answers were added.

Figure A.3: Sample true/false exam question.
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Figure A.4: Sample fill in the blank exam question.

Figure A.5: Sample theory question.
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A.3 Attitude Survey and MSLQs

The basic survey questions are as follows:

• Based on a scale where 1 is the lowest and 10 is the highest, how would you rate the fol-

lowing statement? I know that I like Computer Science

• Based on a scale where 1 is the lowest and 10 is the highest, how would you rate the fol-

lowing statement? I think Computer Science is interesting

• Based on a scale where 1 is the lowest and 10 is the highest, how would you rate the fol-

lowing statement? I feel confident in my ability to learn Computer Science

• Based on a scale where 1 is the lowest and 10 is the highest, how would you rate the fol-

lowing statement? I feel confident in my problem-solving ability

• Do you plan to take more CS courses after this one? (CS 165, etc) true/false answer.

• Have you tried learning a programming language before? You can include HTML and

MATLAB as languages for the purposes of this question. If you have tried learning a

language before, please list them below separated by a comma. (only answered on pre-

course survey)

A.3.1 MSLQ

The questionnaire was developed by Pintrich and Groot, and has been used as a means to

measure student belief in their motivational beliefs and self-regulated learning strategies. It is

currently used in our field, along with other measures. We listed the questions as they are listed

in Pintrich and Groot [71], skipping the questions they do not use for evaluation. Students

did not see the skipped questions, but kept them listed for preservation of the questionnaire

numbering.

The scale for each question is a 7 point Likert scale(1 = not at all true for me, to 7 = very true

of me).
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1. I prefer class work that is challenging so I can learn new things.

2. Compared with other students in this class I expect to do well.

3. I am so nervous during a test that I cannot remember facts I have learned.

4. (skipped)

5. It is important for me to learn what is being taught in this class.

6. I like what I am learning in this class.

7. I’m certain I can understand the ideas taught in this course.

8. (skipped)

9. I think I will be able to use what I learn in this class in other classes.

10. I expect to do very well in this class.

11. Compared with others in this class, I think I’m a good student.

12. I often choose paper topics I will learn something from even if they require more work.

13. I am sure I can do an excellent job on the problems and tasks assigned for this class.

14. I have an uneasy, upset feeling when I take a test.

15. I think I will receive a good grade in this class.

16. (skipped)

17. Even when I do poorly on a test I try to learn from my mistakes.

18. I think that what I am learning in this class is useful for me to know.

19. (skipped)

20. My study skills are excellent compared with others in this class.
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21. I think that what we are learning in this class is interesting.

22. Compared with other students in this class I think I know a great deal about the subject.

23. I know that I will be able to learn the material for this class.

24. I worry a great deal about tests.

25. Understanding this subject is important to me.

26. (skipped)

27. When I take a test I think about how poorly I am doing.

28. (skipped)

29. (skipped)

30. When I study for a test, I try to put together the information from class and from the book.

31. When I do homework, I try to remember what the teacher said in class so I can answer the

questions correctly.

32. I ask myself questions to make sure I know the material I have been studying.

33. It is hard for me to decide what the main ideas are in what I read.

34. When work is hard I either give up or study only the easy parts.

35. When I study I put important ideas into my own words.

36. I always try to understand what the teacher is saying even if it doesn’t make sense.

37. (skipped)

38. When I study for a test I try to remember as many facts as I can.

39. When studying, I copy my notes over to help me remember material.
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40. I work on practice exercises and answer end of chapter questions even when I don’t have

to.

41. Even when study materials are dull and uninteresting, I keep working until I finish.

42. When I study for a test I practice saying the important facts over and over to myself.

43. Before I begin studying I think about the things I will need to do to learn.

44. I use what I have learned from old homework assignments and the textbook to do new

assignments.

45. I often find that I have been reading for class but don’t know what it is all about.

46. I find that when the teacher is talking I think of other things and don’t really listen to what

is being said

47. When I am studying a topic, I try to make everything fit together.

48. (skipped)

49. (skipped)

50. (skipped)

51. (skipped)

52. When I’m reading I stop once in a while and go over what I have read.

53. When I read material for this class, I say the words over and over to myself to help me

remember.

54. I outline the chapters in my book to help me study.

55. I work hard to get a good grade even when I don’t like a class.

56. When reading I try to connect the things I am reading about with what I already know.
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