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“Perhaps I can summarize all of these remarks by saying that methods are more important

than facts. The educational value of a problem given to a student depends mostly on how

often the thought processes that are invoked to solve it will be helpful in later situations. It

has little to do with how useful the answer to the problem may be.”

– Donald Knuth, Are Toy Problems Useful?
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PREFACE

This manuscript is an accumulation of the work from the central thread of my PhD, studying

student development of metacognitive strategies in algorithms courses. Much of the content

in this manuscript is work that has been now been completed and submitted to peer-reviewed

venues, though the final work is in submission. Relevant information about each chapter is

listed below.

Chapter 2: Systematic Literature Review. This work is from “Teaching Algo-

rithm Design: A Literature Review” [Liu et al. (2025b)], published in TOCE 2025 with

Seth Poulsen, Erica Goodwin, Hongxuan Chen, Grace Williams, Yael Gertner, and Diana

Franklin.

Chapter 3: Characterizing Baseline Strategy Adoption. This work is from “Stu-

dent Utilization of Metacognitive Strategies in Solving Dynamic Programming Problems”

[Liu et al. (2025a)], published in SIGCSE TS 2025 with Erica Goodwin and Diana Franklin.

Chapter 4: Relating Strategy Usage to Course Outcomes. This work is from

“Analogical Reasoning in Undergraduate Algorithms” [Liu et al. (2026)], accepted for publi-

cation in SIGCSE TS 2026, written with Erica Goodwin and Diana Franklin.

Chapter 5: Investigating Strategy Introduction Methods. This work is in submis-

sion, though the presentation is expanded upon in this manuscript. The work was conducted

with Hongxuan Chen, Yael Gertner, Mike Shindler, Jeff Erickson, and Diana Franklin.

x



ABSTRACT

Algorithms is a core course in the undergraduate computer science curriculum and is known

both for its relative difficulty and its career implications. A key learning goal in the course

is algorithm design, but the problem-solving skills related to the task of algorithm design

are nebulous and typically left implicit in algorithms courses and materials. Prior results

hint at the possibility that students are learning the content material itself but not the

metacognitive problem-solving skills necessary to generalize what they’ve learned to new

problems, but much is left unstudied.

To address this, we present a series of work aimed at answering foundational questions

about metacognitive problem-solving skills in algorithms courses. To begin, we conduct a

systematic literature review mapping the landscape of algorithms education research, find-

ing broadly that the literature is sparse. In our second work, we aim to create a baseline

by characterizing students’ natural strategy development in algorithms courses, finding that

students are learning important metacognitive strategies on their own but the adoption is

inconsistent and improper use of the strategies often hinders student progress. With this

in mind, we aim next to demonstrate the potential for metacognitive strategies to bene-

fit students. We conduct a study investigating analogical reasoning, a core metacognitive

problem-solving strategy, and present evidence that analogical reasoning is very closely tied

to success in algorithm design. These findings justify the importance of explicit modeling

and instruction about metacognitive strategies in algorithms classrooms. Finally, we to be-

gin developing pedagogical approaches for explicitly teaching metacognitive strategies, we

conduct a randomized control trial investigating how different levels of scaffolded instruction

affect adoption of a well-established strategy, finding both clear evidence the scaffolding can

be helpful and some weaker evidence that over-scaffolding is also possible.

xi



CHAPTER 1

INTRODUCTION + THESIS OVERVIEW

The study of algorithms is widely regarded as a critical part of an undergraduate Computer

Science (CS) degree [Kumar et al. (2024)] and has clear practical applications, especially

in software-related careers. Furthermore, algorithm skills often play a large part in job in-

terviews for new graduates attempting to obtain a job after completing their computing

degree [Behroozi et al. (2019)]. However, despite its importance and the topic being tradi-

tionally regarded as difficult [Enström and Kann (2017)], algorithms is under-represented in

the computer science education literature, so little is known about learning and pedagogy

surrounding the course.

This is particularly problematic for the core learning goal of algorithm design. Skill

development is by nature more difficult to teach than content knowledge, especially by

experts [Clark et al. (2008)], but most well-established resources for algorithms (textbooks,

online sources) tend to be content focused and describe the different algorithmic paradigms

and example problems for each paradigm. While this content is important, it is also vital for

educators to consider what related problem-solving skills are necessary to succeed in applying

these concepts to new problems and whether they are being developed properly during the

algorithms course. Skill development can occur independently through practice, but the

targeted introduction of metacognitive strategies can not only expedite this development but

also improve self-regulation and confidence related to the task [Vaughn et al. (2011); Donker

et al. (2014)]. In this work, we demonstrate that students are only partially developing these

skills in class, further emphasizing the importance of research into the proper introduction

of these strategies.

In this dissertation, we present of a series of investigations that establish a foundation for

improving algorithms instruction through the explicit teaching of metacognitive strategies.

1



1.1 Overview of Dissertation

This dissertation consists of a series of works that establishes the importance of metacognitive

problem-solving strategies in algorithms courses and makes a first step towards understanding

how these strategies can be effectively taught. Here, we outline the work that comprises the

dissertation.

Chapter 2: Systematic Literature Review. In order to understand the sparse

existing work in the space, we conduct a systematic literature review across all major CS

Education venues, looking for any research related to algorithm design. Within the corpus,

the few papers related to algorithm design point to a mismatch between student concept

understanding and student ability to apply these concepts to solve problems, hinting at the

need for metacognitive strategies to properly orient students.

Chapter 3: Characterizing Baseline Strategy Adoption. To establish a baseline

characterization of the adoption of metacognitive strategies among students in an algorithms

course, we conduct a thinkaloud study analyzing strategy usage among students solving Dy-

namic Programming problems. Some scripted guidance invoking a couple of well-established

metacognitive strategies was given when appropriate. We find that students were largely

utilizing these strategies while working, but their adoption was often hindered by misuse of

the strategy. These results indicate that existing instruction may be insufficient for encour-

aging proper strategy usage. The following chapters continue investigation into two major

strategies and their related findings: some students referenced previously-seen problems but

chose takeaways that were inapplicable to the new problem (Chapter 4), and some students

could name problem-solving steps to follow but did not understand them (Chapter 5).

Chapter 4: Relating Strategy Usage to Course Outcomes. Of the strategies

identified in Chapter 3, the skill of relating problems to previously-seen ones, known as

analogical reasoning, stands out both for its broad potential utility and the frequency with

which students were misguided by poorly-constructed analogies. Previous work outside of

2



CS has repeatedly established the importance of analogical reasoning for problem-solving,

but related work in CS has only demonstrated that novices often fail to establish good

analogies. In this chapter, we present work aiming to properly establish the importance of

the skill. We investigate the relationship between student success in designing an algorithm

and their ability to relate it to a previously-seen problem, and find that students who created

structural analogies were significantly more likely to succeed at the algorithm design task.

Chapter 5: Investigating Strategy Introduction Methods. The metacognitive

strategy of problem-solving steps has been shown in the CS1 context to help orient students

in the problem-solving process, but our results from Chapter 3 reveal that students may be

learning the step names without understanding their meanings enough to be useful. In this

chapter, we conduct work investigating different scaffolding methods for the introduction of

problem-solving steps for an algorithmic paradigm. Specifically, we seek to understand the

extent to which increased scaffolding surrounding the steps affects student learning quality

and rate. We propose two different levels of scaffolding, and find that while scaffolding around

the core design steps of the strategy are helpful for students, additional implementation-level

scaffolding shows no evidence of benefit for students, and hints at over-scaffolding.

3



CHAPTER 2

SYSTEMATIC LITERATURE REVIEW

This chapter’s work is published with the following citation: Jonathan Liu, Seth Poulsen,

Erica Goodwin, Hongxuan Chen, Grace Williams, Yael Gertner, and Diana Franklin. 2025.

Teaching Algorithm Design: A Literature Review. ACM Trans. Comput. Educ. 25, 2,

Article 17 (May 2025), 20 pages. doi:10.1145/3727987. Used with permission.

2.1 Introduction

Though the design of rudimentary algorithms has been extensively researched in an intro-

ductory programming context, most students will take a more in-depth algorithms-focused

course later in their degree, as suggested by the ACM curricular guidelines [Kumar et al.

(2024)]. Research on algorithm design instruction, as taught in upper-level algorithms

courses, is critically underrepresented in the literature. As such, many open questions remain

about student experiences and difficulties in learning this material, as well as pedagogical

practices for teaching algorithm design in an effective manner.

In this chapter, we present a systematic literature mapping and review regarding algo-

rithms education, specifically as found in upper-level college courses, to understand with

greater clarity both where knowledge exists and where open questions remain. Our work

aims to answer the following research questions:

• RQ1: Of the topics commonly taught in algorithms courses, how are they currently

represented in the literature, and what kinds of studies are being conducted on these

topics?

• RQ2: What are the major takeaways from the literature about undergraduate algo-

rithm design courses and course topics?

4
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The main contributions of this work are to:

• Characterize the current literature with respect to methods, topic, and authorship,

• Synthesize the existing knowledge about teaching algorithms, and

• Identify opportunities for future research.

2.2 Theory and Related Work

2.2.1 Systematic Literature Reviews

Systematic literature reviews (SLR) are an important part of pushing a research field forward.

According to Cooper (1988), as a field expands, a synthesis of existing knowledge pertaining

to the topic area becomes increasingly necessary to help researchers stay up to date with

current developments, especially in topics related to one’s primary specialty. Furthermore,

according to Kitchenham and Charters (2007), an SLR can help researchers know what is

and is not known in the field as they plan for future studies, and can provide a framework

through which any new discourse on the topic can contribute.

Cooper (1988) also provides a taxonomy of six major characteristics through which SLRs

can be classified. We list the six characteristics below, along with the appropriate categories

for this review, to help situate our contribution.

• Focus: Our review primarily concerns itself with research methods and research out-

comes.

• Goal: Our review aims to synthesize prior literature and identify issues central to the

field.

• Perspective: Our review takes the role of neutral representation, aiming to describe

what is discussed by the literature without arguing for a specific point of view.
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• Coverage: Our review’s coverage of papers is exhaustive with selective citation. Al-

though we believe our review includes most of the literature on the topic, some of the

papers are not cited in this review. That said, a list of all papers reviewed and their

corresponding tags is publicly available.

• Organization: Our review organizes papers conceptually, both by topic studied and

by results.

• Audience: Our review is intended for specialized and general researchers, as well as

practitioners. CS Education researchers may use this review to understand the topic

and situate new research, whereas practitioners who teach algorithms or related courses

may use this review to discover interventions or insights for use in their own courses.

2.2.2 Literature Reviews in CS Education

SLR papers have appeared regularly in computing education venues in recent years, with

reviews being conducted on topics like CS1 [Luxton-Reilly et al. (2018); Becker and Quille

(2019)], Parsons problems [Ericson et al. (2022); Du et al. (2020)], undergraduate teaching

assistants [Mirza et al. (2019)], meta-cognition in programming [Prather et al. (2020)], use

of theory in computing education research [Malmi et al. (2019)], and demographic data

reporting [Oleson et al. (2022)]. To our knowledge, there have been no literature reviews

seeking to understand the state of algorithms education.

Methodologically, two reviews very similar to ours are by Sheard et al. [Sheard et al.

(2009)], who use Simon’s classification scheme [Simon (2007a,b)] to present a detailed quan-

titative landscape of programming education papers with some important outcomes listed,

and by Švábenský et al. (2020), who quantitatively extract and present topics, methods,

evaluation, impact, and contributors from cybersecurity education papers, analyzing trends

of these characteristics without much focus on findings. These SLRs place a larger emphasis
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on the focus and approach of existing research in the area. We take a similar approach

because the relative sparsity of work means that findings are difficult to synthesize but the

methods and topics explored by these papers can still be used to guide future work.

Topic-wise, the closest systematic reviews are on algorithm visualizations and their ef-

fectiveness [Shaffer et al. (2007, 2010); Hundhausen et al. (2002)], one important subarea of

algorithms instruction. While there is some overlap, these reviews cover a largely different

set of literature than the literature reviewed in this paper. Both studies cover algorithm

visualization of traditional algorithms (e.g. greedy programming). However, algorithm visu-

alization reviews include topics that we do not include, such as using algorithm visualizations

to learn O(n2) sorting algorithms or basic data structure traversals, as they are typically

taught prior to algorithms courses [Joint Task Force on Computing Curricula and Society

(2013); Luu et al. (2023)]. In addition, our review covers non-visualization interventions and

studies that seek to better understand student experiences in learning algorithms without

providing an intervention. In fact, such non-visual areas make up a large proportion of the

studies incorporated in this review, though visualization tools for algorithms in traditional

algorithms courses are still covered in the review.

2.3 Methods

To investigate our research questions, we conducted a systematic literature review, following

guidelines from Kitchenham and Charters (2007) and Randolph (2009). Sections 3.1 and

3.2 describe the systematic collection of the corpus of literature used for the study. Section

3.3 describes how the literature was characterized to answer RQ1. Section 3.4 describes the

consolidation of results from the corpus to answer RQ2.
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2.3.1 Search Strategy

To capture our research questions with an appropriate query, we first identified the set of top-

ics that could be considered appropriate for an algorithms course. Within the “Algorithms

and Complexity (AL)” knowledge area proposed by the 2013 ACM Curricular Guidelines

[Joint Task Force on Computing Curricula and Society (2013)], the sections AL/Algorithmic

Strategies and AL/Fundamental Data Structures and Algorithms relate directly to our re-

search questions. Our preliminary list of topics consisted of the core topics listed in these

two sections. Luu et al. find that algorithms courses vary widely in topics covered Luu et al.

(2023), so to maintain a reasonable scope for our review, we removed topics that most schools

teach prior to their algorithms course as found by Luu et al. (2023), such as sequential and

binary search algorithms.

Notably, we decided to include O(n log n) Sorting Algorithms but not O(n2) Sorting Al-

gorithms. First, from a content perspective, though sorting algorithms are typically taught

prior to a traditional algorithms course, mergesort and quicksort are canonical examples of

the Divide-and-Conquer paradigm [Dasgupta et al. (2006); Erickson (2019)], so the relevant

O(n log n) Sorting Algorithms as per the ACM Curricular Guidelines [Kumar et al. (2024)]

are being taught in traditional algorithms courses. Second, from a methodological perspec-

tive, our cutoff for the AL/Fundamental Data Structures and Algorithms knowledge area

was set at topics being taught more often in prerequisite courses than in algorithms courses

as per Luu et al. (2023), which supports keeping O(n log n) Sorting Algorithms but omitting

O(n2) Sorting Algorithms.

The 2013 Curricular Guidelines were used because this work was started prior to the re-

lease of the 2023 ACM Curricular Guidelines [Kumar et al. (2024)]. However, while the 2023

version renames “Algorithms and Complexity (AL)" to “Algorithmic Foundations (AL),"

much is the same - it also contains AL/Algorithmic Strategies and AL/Fundamental Data

Structures and Algorithms sections, and the topics have a lot of overlap - the primary differ-
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ences are that the section AL/Fundamental Data Structures and Algorithms explicitly lists

more data structures than before (e.g., stacks, queues, linked lists), which is out of scope for

our review, and that the AL/Algorithmic Strategies knowledge area of the 2023 guidelines

also include the subtopics of “Decrease-and-Conquer" (e.g., insertion sort, binary search,

Euclid’s algorithm) and “Iteration vs recursion (e.g., factorial, tree search)," both of which

are commonly taught prior to a dedicated algorithms course.

For each topic remaining, we designed and validated a query to capture the corpus of

literature on the topic. For some topics, this was straightforward: Greedy algorithms was cap-

tured by the query “greedy”. For others, this required more care: for Reduction: transform-

and-conquer, “reduction” was too common to be a reasonable query, whereas “transform-and-

conquer” was too specific, but the query {“algorithm reduction” OR “reduction algorithm”}

captures papers relevant to our interests.Queries were validated by doing a manual search

of recent SIGCSE TS proceedings for papers related to our topics and ensuring that the

queries captured them. Included topics and their corresponding queries are shown in Table

2.1. Queries were combined into one large query to allow the database to perform de-

duplication for us, so the final query began: {“branch and bound" OR (“brute force" AND

algorithm) OR ...}.

With this set of queries, we conducted four searches. First, within the ACM Digital

Library (DL)[for Computing Machinery (2024)], we searched for all research articles from

venues sponsored by or in collaboration with SIGCSE (374 unique entries). Papers from

SIGCSE TS and ITiCSE between 1970 and 2008 are classified as articles in the DL instead

because are listed in the SIGCSE Bulletin, so we searched those as well (454 entries). We

then repeated the search for research articles in TOCE (56 entries). Finally, we used the

same set of queries to search the journal Computer Science Education in Taylor and Francis

Online [Online (2024)] (62 entries). From this set of 946 papers, we removed papers that

were retracted or otherwise were not accompanied with a PDF in the respective database.
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We note that this literature search still omits some venues. This decision was made in

large part due to consistency in search mechanism and capacity constraints. We recognize

that venues like the Sage Journal of Educational Computing Research and the CCSC regional

conferences, among others, provide important contributions to the CS Education discourse,

and we encourage exploration of these venues for work related to our topic. That said, the

set of venues included is consistent with other CS Education literature reviews, as found by

Heckman et al. (2021).

Table 2.1: Topics and Queries Used

Topic ACM Digital Library Query
Branch-and-bound "branch and bound"
Brute-force algorithms "brute force" AND algorithm
Depth- and breadth-
first traversals

"breadth first search" OR "depth first search" OR "breadth first
traversal" OR "depth first traversal"

Divide-and-conquer "divide and conquer"
Dynamic program-
ming "dynamic programming"

Greedy algorithms "greedy"
Heuristics "heuristic algorithms"
Minimum spanning
tree

"minimum spanning tree" OR "prim’s algorithm" OR "kruskal’s
algorithm"

Pattern matching and
string/text algorithms

"string algorithm" OR "text algorithm" OR "substring match-
ing" OR "regular expression matching" OR "longest common
subsequence"

Recursive backtrack-
ing "recursive backtracking"

Reduction: transform-
and-conquer "algorithm reduction" OR "reduction algorithm"

Representations of
graphs "adjacency list" OR "adjacency matrix"

Shortest-path
algorithms

"shortest path algorithm" OR "dijkstra’s algorithm" OR
"floyd’s algorithm"

O(n log n) Sorting
algorithms

"quick sort" OR "quicksort" OR "heap sort" OR "heapsort" OR
"merge sort" OR "mergesort"
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2.3.2 Study Selection

We then applied three further exclusion criteria on the remaining papers. First, we aimed to

omit papers not relevant to our search, but variation in algorithms course content made this

difficult. For example, only around 60% of institutions teach Depth-First Search/Breadth-

First Search (DFS/BFS) in their algorithms courses [Luu et al. (2023)]. To ensure that no

relevant papers were excluded, we kept any paper that states involvement in an “algorithms

course” as well as any paper explicitly teaching any of our topics (see Table 2.1). For example,

a paper about a CS2 (Data Structures) course in general would be omitted, but a paper that

describes teaching DFS/BFS in CS2 would be kept.

Papers were also only kept if they presented some form of data from students. Either

quantitative or qualitative data was accepted, but papers that describe an intervention or

tool but do not provide evaluation data were omitted. Finally, papers were only kept if the

evaluation was on post-secondary-level students in order to maintain some consistency in

course context.

The exclusion criteria were applied by four of the listed authors, who independently

filtered a subset of 20 papers, discussed to reach a consensus, and continued. After the

authors filtered the second subset, Fleiss’ Kappa statistic [Fleiss (1971)] was used to compute

the inter-rater agreement for four raters, and the authors achieved Fleiss’ Kappa κ > 0.87, so

the rest of the papers were processed independently. In the end, 102 papers were identified

as relevant to our literature review.

2.3.3 Paper Tagging

The authors then developed a set of tags for describing and classifying the relevant papers.
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Codebook Development

A Content Analysis protocol [Drisko and Maschi (2016)] was used to develop a codebook with

appropriate categories for our review. We began with a draft codebook with deductive codes

and descriptions that all coders agreed upon. We then iteratively improved the codebook

by repeating the following steps:

1. Each coder independently tags 10 papers according to the codebook.

2. Any disagreements in coding are resolved through discussion.

3. The codebook is adjusted to reflect the new shared understanding of the coders. This

may involve adding or removing codes, or adjusting the descriptions.

At the end of the third cycle, no changes were made to the codebook. Fleiss’ Kappa statistic

was used to calculate reliability with a fixed number of raters on categorical items [Fleiss

(1971)], and the authors achieved Fleiss’ Kappa κ > 0.80 inter-rater agreement on this batch,

so the remaining papers were tagged independently.

Final Codebook

The finalized codebook’s codes were split into four major sections, described here. Within

each section, the list of possible tags does not exhaustively consider every possibility for a

paper but does capture every paper found in our review.

Topic: Each paper was tagged by the topic or topics from the ACM curricular guide-

lines it focused on, and an extra Not topic-specific tag was added for papers that studied

algorithms pedagogy as a whole without focusing on a specific topic. Our codebook specifies

that topic tags are reserved for when the Results section of the paper explicitly describes the

topic, so that whole-course interventions are tagged as Not topic-specific rather than with

every individual topic taught in the course.
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Evaluation: This set of tags aims to describe the data presented by the paper. These

tags include Quantitative Data and Qualitative Data as broad categories, but also data

gathering methods (e.g. Survey, Interview) and data analysis methods (e.g. Statistical Tests,

Qualitative Coding). Most of the tags could be discovered in either the Methods or Results

sections of a paper, but Qualitative Coding was sometimes unclear because qualitative data

could be presented in thematic groupings without the data undergoing a formal thematic

coding process. As such, our codebook focuses instead on the reported methodology - papers

were only tagged with Qualitative Coding if, alongside the analysis of qualitative results, their

analysis procedure was described explicitly in the methods section.

Note also that papers could and often did contain multiple of these tags and that some

tags even imply others. For example, if a paper was tagged with Qualitative Coding, then it

was also tagged with Qualitative Data.

Metric: This set of tags aims to determine the student metric measured by the paper.

We found all papers presented data on at least one of Performance, Affect, or Persistence

(whether students remain enrolled in the course).

Intervention: This set of tags aims to capture information about the intervention de-

veloped in the paper, if applicable. We categorized interventions based on the aspect of the

course targeted, and introduced a Tools tag because some interventions developed a tool

without directly affecting the course. These were not mutually exclusive — for example,

a tool may be developed to help students during discussion. A full list and description of

intervention tags can be found in Table 2.2.

All tags can be seen in Table 2.3.

2.3.4 Results Consolidation

To identify major takeaways from the corpus, the papers were split based on whether they

presented an intervention. For papers containing interventions, the first and third authors
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Table 2.2: Tagging Scheme to Characterize Interventions

Tag Description

None
A study that does not change the way students learn the material, and
instead investigates the status quo, (e.g. misconceptions or student
behavior).

Tools
A study that develops and/or evaluates a tool that a student can inter-
act and interface with, especially a software tool, that aids with student
learning.

Course Policy A study that changes course logistics unrelated to content (e.g. late
policy or collaboration policy).

Content
Presentation

A study that changes how the students are presented non-interactive
course material (e.g. lecture).

Discussion/Lab A study that changes staff-facilitated problem-solving sessions (e.g.
labs and group work).

Student Work A study that changes non-staff-facilitated work done by students (e.g.
homework or projects).

Exams A study that changes how students are evaluated in test settings.

read each paper, recording the results of the paper as well as any features of the intervention

explicitly described in the paper as beneficial. These results and features were consolidated

and inductively coded by the authors.

Papers not containing an intervention were instead inductively coded based on focus. The

first and third author independently read each paper and created a summary of the findings,

focused especially on the paper’s description of the findings in the abstract, introduction,

and discussion. Summaries were then consolidated and inductively coded by the authors.

The most common theme found was Student Approaches to Algorithm Design Problems -

see Section 2.5.1.

The final codes can be found as the headers in Section 2.5.

2.4 Corpus Survey

In this section, we describe the results of the tagging, as described in Section 3.3, in order to

answer RQ1 by characterizing the space of literature regarding the topics commonly taught
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in algorithms courses. The results of the tagging can be found in Table 2.3. Note that a

single paper can be tagged in multiple categories and topics, so it can be represented in

multiple rows and columns. The last row contains a summary of the results. The fully

tagged corpus can be found in this citation Liu et al. ([n. d.]).

We begin by presenting a broad survey of the methodology used in the corpus. We then

drill down to answer more specific questions about topic coverage, changes over time, “rigor”

(which we define later), and the venues and authors that publish the most. Findings are

accompanied by a discussion about implications and future steps.

2.4.1 Corpus Methodology

Nearly every paper (92/102) meeting our selection criteria presents quantitative data, and

73% (74/102) of papers use student scores and grades. Notably, around 40% (43/102) of the

papers run statistical tests, and only around 18% (18/102) run controlled trials. On the other

hand, slightly less than half (47/102) of the papers use qualitative data. Thematic coding,

found in only 16% (16/102) of papers, was done for interview responses (e.g. [Toma and

Vahrenhold (2018)]), student work (e.g. [Velázquez-Iturbide (2012)]), and survey responses

(e.g. [Weber (2023)]). In 38% (39/102) of the papers, both quantitative and qualitative data

are presented.

In terms of evaluation metrics, 73% (74/102) of papers use student performance, 62%

(63/102) use affective measures, and 34% (35/102) of papers use both. Of the four papers

measuring persistence [Gárcia-Mateos and Fernández-Alemán (2009); Deb et al. (2017); Lin

et al. (2021); Coffey (2013)], all four measure performance as well, and three measure af-

fect, so it may be worthwhile to conduct studies more centered around persistence in the

algorithms class.

Most papers (76%, 78/102) present interventions, and around 40% (37/102) center around

a tool. For example, five papers present a strategy for implementing active learning in the
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Table 2.3: Tags by Topic. Note that some papers cover multiple topics, and contribute to
each corresponding row in the table.

Evaluation Metric Intervention

Topic Total
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Branch-and-
bound 1 1 0 0 0 1 0 1 1 0 0 1 0 0 0 0 0 0

Brute-force
Algorithms 2 2 1 2 2 0 0 0 2 1 1 0 2 0 0 1 1 0

DFS/BFS 7 6 5 3 3 3 1 1 4 5 0 0 3 0 2 1 3 0
Divide-and-
Conquer 4 4 1 3 1 2 1 0 4 1 0 2 1 0 0 1 0 1

Dynamic
Programming 12 11 6 6 3 6 3 2 10 6 1 4 4 0 1 1 4 1

Greedy
Algorithms 8 8 4 0 0 6 2 5 6 4 0 2 3 0 3 2 2 0

Heuristics 3 3 0 0 0 2 0 2 3 0 0 1 1 0 0 0 2 0
Minimum
Spanning Trees 6 6 5 2 2 2 0 0 4 4 1 0 4 0 0 2 4 1

Pattern Matching
and String/Text
Algorithms

1 1 1 0 0 1 0 0 0 1 0 0 0 0 0 0 1 0

Recursive
Backtracking 3 3 2 1 1 2 0 1 3 2 0 1 2 0 1 1 0 0

Reductions 7 5 3 1 0 5 1 2 7 2 0 4 0 1 2 1 2 0
Representations of
Graphs 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Shortest-path Al-
gorithms 7 7 5 3 3 1 0 0 6 5 1 0 7 0 1 2 2 0

O(n log n) Sorting
Algorithms 10 9 7 6 2 4 1 0 6 9 0 2 3 0 2 2 3 0

Total (any topic) 51 46 30 18 11 25 7 9 40 30 2 12 21 1 10 11 15 2
Not topic-specific 51 46 29 25 7 22 6 7 34 33 2 12 16 11 11 7 16 2

Total 102 92 59 43 18 47 13 16 74 63 4 24 37 12 21 18 31 4

classroom via interactive question-and-answer tools [Pargas (2006); Anderson et al. (2007);

Kurtz et al. (2014); Phan and Hicks (2018); Deb et al. (2018)]. On the other hand, around

a quarter (24/102) of the papers surveyed do not develop an intervention. Many of these

papers analyze student problem-solving strategies when presented with algorithm design

problems, and a number of others study topic-specific misconceptions.
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We only find four interventions related to student examinations. Given the broad appli-

cability of algorithms to test questions and the effect that question design and test logistics

can have on exam validity, we expect research on this subject to be potentially useful.

2.4.2 Representation of Topics

Of the 102 papers included in our literature review, half focus on a specific topic or set of

topics, whereas the other half present results that do not pertain to any particular topic,

such as studies about broad problem-solving skills or policy-based interventions.

Most topic-specific papers only focus on one topic, though thirteen papers focus on two

topics, two were tagged with three topics each [Taylor et al. (2009); Brown et al. (2022)],

and one paper was tagged with four (Branch-and-Bound, Greedy Algorithms, Heuristics,

Recursive Backtracking) [Velázquez-Iturbide (2019)]. However, many areas are still under-

studied. In this section, we begin by discussing trends in individual topics and then compare

topic-specific papers with those that are not topic-specific.

Topics with More Coverage

Research about the topic of Dynamic Programming has taken a relatively wide variety

of approaches. Two papers contribute interesting course projects that motivate the use of

Dynamic Programming through various problems, one from a centuries-old mathematical

text [Pengelley et al. (2006)] and the other from the modern world [Bird and Curran (2006)].

Tools have also been developed to help scaffold different steps of solving DP problems,

specifically interpreting the problem constraints [Lin et al. (2021)], visualizing subproblem

recurrences [Velázquez-Iturbide et al. (2016); Velázquez-Iturbide and Pérez-Carrasco (2016)],

and writing a proof [Xia and Zilles (2023)]. Research has been conducted [Danielsiek et al.

(2012); Paul and Vahrenhold (2013)] and reproduced [Zehra et al. (2018); Shindler et al.

(2022)] investigating common roadblocks in solving DP problems as well, finding that stu-
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dents either don’t recognize that DP is the correct approach, fail to split the problem into

appropriate subproblems, or have trouble identifying the correct recursion of subproblems.

Finally, Enström and Kann [Enström and Kann (2017)] find that teaching the DP process

as separate steps can increase student self-efficacy.

On the other hand, the 8 papers about Greedy Algorithms have markedly less breadth,

with one paper about misconceptions [Velázquez-Iturbide (2019)], one about collective argu-

mentation [Kallia et al. (2022)], and the other six about interactive learning interventions.

Though five provide thematic coding of student responses, none provide statistical tests in

their evaluations, limiting our understanding of intervention effectiveness.

At 10 papers, O(n log n) Sorting Algorithms is another topic commonly covered in

the literature, though we expect that O(n2) algorithms are studied far more thoroughly.

Most of these papers leverage sorting as a familiar task to develop engaging active-learning

interventions for introducing faster sorting algorithms, including through games [Hakulinen

(2011); Hosseini et al. (2019)] and exploratory activities [Rasala et al. (1994); Rebelsky

(2005); McCann (2004)], though a couple instead use assessment results to provide insight

into common misconceptions [Winters and Payne (2006); Taherkhani et al. (2012)].

Topics with Less Coverage

We found no papers related to Graph Representations and one related to Pattern-

Matching and String/Text Algorithms [Bird and Curran (2006)], though the latter

may be partially captured in research about Dynamic Programming and Greedy Algorithms.

Despite Divide-and-Conquer, Minimum Spanning Trees (MST), and Shortest-path

Algorithms being taught in more than 80% of algorithms courses [Luu et al. (2023)], the

topics are only studied by 4, 6, and 7 papers, respectively. Of the four Divide-and-Conquer

papers, three detail a multi-study project by Danielsiek, Paul, and Vahrenhold on miscon-

ception detection for a wider set of topics that includes Divide-and-Conquer [Danielsiek et al.
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(2012); Paul and Vahrenhold (2013); Vahrenhold and Paul (2014)], while the fifth involves a

tool for learning in the classroom [Phan and Hicks (2018)], so questions remain about pre-

senting, testing, and assigning work on the topic. Five of the six MST papers relate to the

development of student assignments [Deb et al. (2017); Taylor et al. (2009); Erkan (2018);

Stasko (1997); Hansen et al. (2003)], and the other paper studies exam questions [Gaber

et al. (2023)], leaving the presentation of the material or common student misconceptions

unexplored. All seven Shortest-path papers are tool-based interventions, leaving plenty of

room for exploration of misconceptions or pedagogical strategies.

Papers Without Specific Topics

Within non-topic-specific papers (half of our set), there is considerable variation in the extent

to which the knowledge extracted applies specifically to algorithms courses. For example,

some papers test interventions in an algorithms course but could have reasonably tested

them in any CS course (e.g. [Belleville et al. (2020); Pargas (2006)]), some studies include

algorithms courses alongside other CS courses in their data set (e.g. [Deb et al. (2018);

Bennedssen and Caspersen (2008)]), and some studies are topical to algorithms in particular

(e.g. [Danielsiek et al. (2017); Collberg et al. (2004)]).

For the most part, these non-specific studies mirror the topic-specific papers in terms of

evaluation and intervention methods used. The most notable difference is in Course Policy,

where all but one paper focuses on the course as a whole rather than individual topics. This

is unsurprising, as we expect course policy changes to affect all topics in a course equally,

though Crescenzi et al. [Crescenzi et al. (2013)] study a sizeable modification to course

structure targeted at the course’s NP-completeness unit.

That said, the studies are still notably different in their aims. For example, while most

topic-specific papers without interventions focus on identifying misconceptions for the topic,

papers without specific topics instead focus on broader measurements like skill development
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[Ginat (2001)], learning outcomes [Bennedssen and Caspersen (2008)], and even student

affect [Danielsiek et al. (2017)]. Likewise, while most content-specific tools presented are

related to algorithm visualization, papers without specific topics feature not only visualiza-

tion tools (e.g. [Naps et al. (2000); Lee and Rößling (2011)]) but also tools for facilitating

improvements in grading [Gárcia-Mateos and Fernández-Alemán (2009); Coore and Fokum

(2019)], lectures [Pargas (2006); Kurtz et al. (2014)], and assignments [Marshall et al. (2006);

Zeller (2000)].

2.4.3 Topics over Time

In Figure 2.1, we display the distribution of topics covered by year. Sorting Algorithms is the

most-studied topic early on, representing 6 of 14 topic-specific papers between 1994-2008. In

every four-year period, at least half of the papers within our study relate to either Sorting,

DFS/BFS, Greedy Algorithms, or Dynamic Programming.

Figure 2.1: Topic of topic-specific papers, by year
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2.4.4 Rigor over Time

Scientific rigor is by nature tough to quantify, as the best practices for any paper depend on

the specific research questions. For papers with quantitative data, the use of statistical tests

or controlled trials serves as our proxy for a metric of rigor [Sanders et al. (2019)]. Rather

than try to quantify the rigor of qualitative methodologies, we look at whether papers report

their analysis procedure for coding the qualitative data at all, employing replicability as a

looser but more measurable standard for rigor. These papers are captured by the Qualitative

Coding tag - See Section 2.3.3.

Note that papers with no evaluation or student data were already filtered out of our

review. Figure 2.2 shows the percentage of each type of study, presented in 5-year bands.

Figure 2.2: Percentage of papers with statistical tests (quantitative), controlled trials (quan-
titative), thematic coding (qualitative), and at least one of the above

We see no “rigorous” studies initially, but there is an encouraging upward trend in the

usage of rigorous procedures in algorithms papers as the field matures. In the most recent
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period, 2019-2023, 60% of qualitative papers use thematic coding, and two thirds of quanti-

tative papers use either statistical tests or controlled trials. Note that a paper may present

both quantitative and qualitative data but only rigorously analyze one of those forms of

data.

Comparatively, Sanders et al. find that 51% of ICER papers between 2005-2018 used

inferential statistics [Sanders et al. (2019)] and Švábenský et al. [Švábenský et al. (2020)]

find that 54 papers about cybersecurity education between 2010 to 2019 report descriptive

statistics while only 23 (43%) use inferential statistics, but these studies do not provide

information about historical trends.

2.4.5 Where and Whom are Studies Coming From?

Our search consisted of all publications sponsored by or in collaboration with SIGCSE, as

well as TOCE and CSE. The distributions of papers per conference, split by year, can be

found in Figure 2.3.

As expected, SIGCSE’s largest conferences, the Technical Symposium and ITiCSE, ac-

count for a vast majority of the papers (44 and 32, respectively) in our literature review,

with ICER contributing more recently. We found seven relevant papers from CSE and five

relevant papers from TOCE (and its previous moniker JERIC ) as well.

We also seek to understand whether much of the work is accomplished by just a few

groups or whether it is widespread in the community. The tally of papers per author can be

found in Table 2.4.

We can see that the most active groups are two groups of collaborators. Velázquez-

Iturbide / Pérez-Carrasco have studied optimization algorithms and developed visualiza-

tion tools to assist with a variety of algorithm paradigms (e.g. Velázquez-Iturbide (2012);

Velázquez-Iturbide et al. (2016); Velázquez-Iturbide (2019); Velázquez-Iturbide and Pérez-

Carrasco (2016)) and Vahrenhold / Danielsiek / Paul have explored instruments for mea-
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Figure 2.3: Papers per venue, by year

suring student affect and success in algorithms courses (e.g. Danielsiek et al. (2012, 2017);

Paul and Vahrenhold (2013); Toma and Vahrenhold (2018)). In addition, David Ginat has

written four papers discussing metacognitive strategies for algorithmic problem-solving (e.g.

Ginat (2001); Ginat and Blau (2017)), and Michal Armoni has conducted a series of studies

on reductive thinking Armoni (2009).

The vast majority of authors publish only one paper (205/251, 82%), hinting that few

specialize in the area. Though we do not have data about how this compares to the CSEd

literature as a whole, this mirrors the result by Švábenský et al. who find that 87% (175/202)

of authors who have published on cybersecurity education have only published one paper on

the topic Švábenský et al. (2020).
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Table 2.4: Number of Papers per Author. Asterisks indicate frequent collaborators.

Author Number of Publications

J. Ángel Velázquez-Iturbide* 7
Jan Vahrenhold** 5

David Ginat 4
Antonio Pérez-Carrasco* 4

Michal Armoni 3
Holger Danielsiek** 3
Wolfgang Paul** 3

[18 authors] 2
[205 authors] 1

2.5 Corpus Takeaways

In this section, we go beyond the numbers to provide insights into the major takeaways from

the corpus as a whole. Subsections are broadly sorted in order of decreasing specificity to

algorithms courses.

2.5.1 Student Approaches to Algorithm Design Problems

Though the skill of algorithm design is somewhat nebulous, there is general consensus that

it is closely tied to abstraction ability. Bennedssen and Caspersen (2008) examine 10 courses

mandatory for the CS degree and find that abstraction ability correlates with performance in

only the algorithms course. Think-alouds have been run to identify varied extents to which

students utilize abstraction to solve problems [Ginat and Blau (2017); Izu et al. (2017)].

More specific algorithm design skills have been studied as well, with the general finding

that students under-utilize them even after having taken an algorithms course. In problems

where recursion [Ginat (2004)] and reduction [Armoni (2009)] would have been helpful,

students understand the concepts but underestimate their utility in general problem-solving

contexts. On the other hand, students demonstrate an overreliance on intuitive greedy

approaches, even in the face of counterexamples [Ginat (2003)].

At the topic level, a limited number of papers explore common misconceptions in algo-
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rithms topics. Danielsiek et al. (2012) use both student work and thinkalouds to cover a

wide variety of topics, but other studies have focused on more specific topics like dynamic

programming [Zehra et al. (2018)] and optimization algorithms [Velázquez-Iturbide (2019)],

and reductions [Gal-Ezer and Trakhtenbrot (2016)].

2.5.2 Problem Selection

We find a recurring theme that intentional problem selection can be leveraged to motivate

students. The broad applicability of algorithms lends itself nicely to problems tied to the

real world, which can give students both familiarity with the problem setting and motivation

to solve it. For example, linking shortest path algorithms to GPS navigation is a setting

in which multiple papers demonstrate that students enjoy and engage more with the real-

world map [Holdsworth and Lui (2009); Teresco et al. (2018)]. Mehta et al. (2012) presented

bipartite matching in the setting of forming balanced class project groups, resulting in both

more successful groupings and an increased understanding of bipartite matching. Problems

can also tie into the real world through the researcher: Pengelley et al. (2006) presented a

Dynamic Programming problem posed by a mathematician’s letter from 1838, and Wirth

and Bertolacci (2006) presented a problem from the instructor’s research, both finding that

the humanized context motivated students.

Problems with a variety of solutions can also be particularly helpful. In multiple stud-

ies, students indicate that writing both efficient and inefficient solutions to problems and

comparing their runtimes on real inputs provided more motivation for designing efficient

algorithms than theoretical runtime analyses [McCann (2004); Coffey (2013)]. Similarly,

studies have designed projects asking students to compare BFS against DFS [Erkan and

Gochev (2008)], Prim’s algorithm against Kruskal’s algorithm [Erkan (2018)], and several

different sorting [Rasala et al. (1994)] and matching [Lucas (2015)] algorithms, finding in

all cases that students describe the comparisons as valuable and insightful. In each of these
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projects, the comparison is facilitated in part by a visualization of either the evaluation or

output of the algorithms.

Another approach that promotes the connections between different algorithms is advo-

cated for by Libeskind-Hadas (2013), who describes a derivation-first teaching strategy that

motivates the discovery of classical algorithms through simpler, more intuitive algorithms.

2.5.3 Algorithm Visualization

In our data set, we identified 15 studies about algorithms visualizations. Broadly, students

state that they appreciate visualizations, though few studies experimentally measure learn-

ing outcomes. Of these papers, three found that introducing visualizations improves student

learning [Velázquez-Iturbide (2013); Deb et al. (2017); Farghally et al. (2017)], though only

one uses statistical tests. On the other hand, Jarc et al. (2000) find that introducing visual-

izations provides no statistically significant learning outcomes, and Velázquez-Iturbide and

Pérez-Carrasco (2016) find that students are more efficient but do not perform better. Taylor

et al. (2009) find that student learning significantly improves when the visualization forces

students to take an active, predictive role. For a more thorough review on algorithms visu-

alizations that is not specific to algorithms courses, we recommend the work by Hundhausen

et al. (2002) and Shaffer et al. (2010).

2.5.4 Coding Practice

Though around a quarter of algorithms courses have no programming component [Luu et al.

(2023)], research has found that algorithmic coding assignments increase student engagement

[Gárcia-Mateos and Fernández-Alemán (2009)] and helps students develop their algorithmic

design [Izu and Alexander (2018)] and runtime analysis [Coore and Fokum (2019)] skills.

Online coding platforms allow for a public leaderboard of coding problem scores, which some

studies have used in an attempt to motivate students [Coore and Fokum (2019); Färnqvist
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and Heintz (2016)] with mixed results: Coore and Fokum (2019) observed that the strongest

students worked hard to maintain their ranking, but other students were demotivated when

the top scorers had yet to solve a problem.

2.5.5 Assessment Policy

The use of algorithmic coding problems permits automated assessment, which students find

fair and constructive [Färnqvist and Heintz (2016); Weber (2023)], though additional human

interpretation of automated feedback may be helpful [Leite and Blanco (2020)]. Weber

(2023) finds promise in standards-based grading for algorithms courses, along with allowing

students to re-submit work as they continue to master course concepts. While students did

continue to improve on past assignments throughout the course, some took advantage of the

chance to procrastinate work until the end of the term.

Two papers investigate the utility of two-stage quizzes (consisting of an individual and

a group phase), finding that team quizzes increase students’ perceived and measured learn-

ing gains [Belleville et al. (2020); Ham and Myers (2021)]. Gaber et al. (2023) make the

case for repeating previously-seen problems on exams, showing that these questions are still

considerably challenging for students yet perceived as fair.

2.5.6 Active Learning

Research on algorithms-based active learning exercises in lecture corroborates findings in

other settings that students enjoy exploring a problem space with their peers [Belleville

et al. (2020); VanDeGrift (2017); Toma and Vahrenhold (2018)], feel an increased sense

of engagement in class [Anderson et al. (2007); Gehringer and Miller (2009)], and report

learning both course material and collaboration skills [VanDeGrift (2017)]. Additionally, in-

corporating in-class interaction into historically lecture-based courses led to higher instructor

satisfaction in some cases [Hosseini and Perweiler (2019); Bouchez-Tichadou (2018)].
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Most studies incorporate active learning by having students work through problems in

class, whether exploring a problem instance [Anderson et al. (2007); Kurtz et al. (2014)],

coding an algorithmic solution [Phan and Hicks (2018)], or performing algorithm analysis

[Pargas (2006); Deibel (2005)]. Some of these activities were equipped with auto-grading as

well, which Deb et al. (2018) find improved student retention of course material. To dissuade

a "guess-and-check" approach while using an auto-grader, Kurtz et al. (2014) capped grades

based on the number of submissions.

Game-based exercises have also shown promising results, with research finding that these

activities can drive participation from students who are typically silent [Hosseini and Per-

weiler (2019); Hosseini et al. (2019)]. Some of the algorithms-based games developed include

a sorting algorithm design contest [Hosseini et al. (2019)], a matching game in which students

choose algorithms for given criteria, and a draw-and-guess game in which students illustrate

course content [Hakulinen (2011)].

However, despite the success of interactive in-class activities, facilitating productive group

work may require further attention: in a study on communication behaviors during a col-

laborative algorithmic problem solving session, Kallia et al. (2022) observed that first-year

undergraduates struggled to build off of each others’ ideas while MSc students were overly

dismissive of others’ ideas. Two papers find success using a variety of intentional group-

formation strategies to encourage productive collaboration, making groups based on learn-

ing style, prior student knowledge, or mixed instructor/student input [Deibel (2005); Mehta

et al. (2012)].

2.5.7 Psychological Factors

Little is known about psychological factors in algorithms courses, but a series of papers by

Danielsiek, Toma, and Vahrenhold develop and validate an algorithms-specific instrument to

measure self-efficacy [Danielsiek et al. (2017)] and use it along with other instruments to mea-
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sure the cognitive load and perceived benefit of different collaborative lab assignments [Toma

and Vahrenhold (2018)]. Their work finds that collaborative labs are perceived as effective

and inclusive, and demonstrate the potential for using measurements of various emotional

responses to guide intervention design. Bennedsen and Caspersen (2008) investigate affective

predictors of success in multiple computer science courses and find no correlation between

emotional health and exam performance in the algorithms course, though the authors note

that their results are generally inconclusive due to small sample size.

2.6 Limitations

Though we designed our search query to capture papers related to algorithm design, some

papers may have been missed. First, if a paper does not use our search terms, our query

may not capture it. Furthermore, our search was limited to either venues sponsored by or

in collaboration with SIGCSE in the ACM DL or in the Taylor & Francis journal Computer

Science Education, so research published outside of these venues was not included though

we expect to have captured most of the work in the area. See Section 2.3.1.

The variability in course offerings across institutions also may have resulted in some

omitted papers. Topics that we consider to be relevant to algorithm design are sometimes

taught in prerequisite courses like CS2 [Luu et al. (2023)], but we may not be able to tell

based on the paper. As such, knowledge about teaching these topics in other courses is

missed if the paper does not explicitly mention our topic of interest.

As with any qualitative coding endeavor, we also note that misinterpretations of papers

in the review are possible. However, we hope that the content analysis procedure, with many

rounds of codebook refinement and discussions about potentially different interpretations of

the codebook, mitigated the likelihood of these outcomes.
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2.7 Future Work

As discussed, the sparsity of research on algorithms education suggests many areas for future

work. As a whole, Table 2.3 reveals many potential unanswered questions about teaching

algorithms. Section 2.4.2 discusses potential areas of exploration at a more fine-grained level.

At a broader level, our review finds that research in the area relies heavily on quantitative

data, especially measuring student scores or grades, but relatively few studies use statistical

tests and even fewer run controlled trials. Though we acknowledge the difficulty of running

controlled trials in an educational setting, more rigorous approaches to this data would be

valuable to develop a better understanding of the effectiveness of various interventions. As

is, though many papers report interventions or assignments with positive outcomes, it is

difficult to determine effect size, significance, or the influence of potential confounds like the

instructor or classroom environment.

At the same time, this reliance on quantitative data is accompanied by a dearth of

qualitative data, especially about psychological factors like sense of belonging or self-efficacy.

Rigorous explorations of student experiences in these classes would be useful for not only

determining the extent to which the mathematical content of algorithms courses affects

psychological factors but also orienting future research around mitigating impostor syndrome,

stereotype threat, or other discovered barriers.

While in this review we were able to cover all topics from the ACM Curricular Guidelines

sections AL/Algorithmic Strategies and AL/Fundamental Data Structures and Algorithms

which are usually covered in an algorithms course, we were not able to cover topics listed

in the related sections AL/Basic Automata Computability and Complexity about computing

theory and AL/Basic Analysis about algorithmic analysis. These topics are also required

learning for CS majors according to the ACM Curricular Guidelines, though they are less

frequently covered in algorithms courses [Luu et al. (2023)]. Future reviews could use these

as topics of focus.
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2.8 Conclusion

In an effort to synthesize research related to algorithm design education, we categorized

all papers in the ACM Digital Library containing search terms for algorithm design topics

covered in algorithms courses, guided by the ACM curricular guidelines and surveys of al-

gorithms course instructors [Joint Task Force on Computing Curricula and Society (2013);

Luu et al. (2023)]. We found that algorithms research is a growing field, with more rigor-

ous methods being applied over time. Studies have generally agreed that active learning

interventions and interesting problem-selection can contribute to both learning and motiva-

tion, corroborating research in the broader CS Education space. However, even among the

most studied areas in algorithm design, there are still large gaps in the literature. For some

topics, there is adequate literature on student misconceptions, but concrete instructional

interventions are lacking. In others, researchers have created interventions, but have not

yet rigorously tested their efficacy using controlled trials. Exams and Psychological Factors

stand out as important areas with very little research at all. We hope this review can help

guide the future of algorithm design education.
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CHAPTER 3

CHARACTERIZING BASELINE STRATEGY ADOPTION

This chapter’s work is published with the following citation: Jonathan Liu, Erica Goodwin,

and Diana Franklin. 2025. Student Utilization of Metacognitive Strategies in Solving Dy-

namic Programming Problems. In Proceedings of the 56th ACM Technical Symposium on

Computer Science Education V. 1 (Pittsburgh, PA, USA) (SIGCSE TS 2025). Association

for Computing Machinery, New York, NY, USA, 687–693. doi:10.1145/3641554.3701888.

Used with permission.

3.1 Introduction

Dynamic Programming (DP) is a quintessential algorithms topic, listed as a core Algorithmic

Strategy by the Joint Task Force on Computing Curricula [Kumar et al. (2024)] and covered

in more than 80% of college Algorithms courses [Luu et al. (2023)]. DP has seen slightly

more research focus than other algorithms topics, as described in Chapter 2, perhaps due to

its perception as being one of the most conceptually challenging topics [Enström and Kann

(2017)].

However, little work has investigated metacognitive interventions for teaching DP. Prior

work has explored common roadblocks experienced by students independently solving DP

problems [Danielsiek et al. (2012); Paul and Vahrenhold (2013); Zehra et al. (2018)] and the

order in which to provide instruction [Enström and Kann (2017)].

In this paper, we explore student metacognitive approaches to DP. We conduct think-

aloud interviews during which students articulate their thinking and receive on-demand

semi-structured guidance as they work through DP problems. This guidance is focused on

metacognitive approaches to solving the problems. The study is designed to answer the

following research questions:

32

https://doi.org/10.1145/3641554.3701888


• RQ1: What metacognitive approaches do students develop while learning to solve DP

problems?

• RQ2: To what extent does structured metacognitive guidance benefit students solving

DP problems?

• RQ3: What obstacles do students face when using metacognitive strategies while

solving DP problems?

We find that these strategies generally help students make progress in solving DP prob-

lems, but that they can mislead students as well. We also find that the adoption of these

strategies is an individualized process and that structured strategy guidance is often insuf-

ficient in allowing students to solve individual DP problems, indicating the need for more

extensive strategy instruction.

3.2 Background

3.2.1 Metacognition

Metacognition, somewhat colloquially described as “thinking about thinking" [Miller et al.

(1970)], refers to a student’s self-regulatory knowledge and mechanisms related to their own

learning, though its scope and overlap with self-regulation can vary [Dinsmore et al. (2008)].

In our context, we operationalize the concept as a student’s ability to evaluate their own

learning and problem-solving strategies and reuse effective ones. Though these strategies

are internally developed by nature, explicit instruction related to metacognitive strategies

has proven effective in various fields [Donker et al. (2014)]. The concept is well-established

within CS education, demonstrated in part by the review conducted by Loksa et al. (2022)

about metacognition in programming education.

Metacognition has been studied to a limited extent within algorithms. Through inter-

views with students designing algorithms, Izu et al. (2017) identify metacognitive strategies
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requiring varying levels of abstraction, and Ginat (2001) describes how a problem-solving pro-

cess incorporating self-reflection helped students develop metacognitive awareness. Further

work exploring teaching metacognitive strategies in algorithms is necessary: three studies

find that students often rely on intuitive but incorrect strategies [Ginat (2003, 2004); Armoni

(2009)].

Problem-Solving Steps

One method for developing metacognitive problem-solving skills is in-process scaffolding, in

which students are explicitly provided with a series of problem-solving steps to help them

self-orient and reflect as they think through solving a problem (e.g., [Prather et al. (2019)]).

Loksa et al. (2016) presents the following six steps for solving open-ended programming

problems:

1. Reinterpret the problem prompt,

2. Search for analogous problems,

3. Search for solutions,

4. Evaluate a potential solution,

5. Implement a solution,

6. Evaluate the implemented solution.

Their work also demonstrates that the presentation of a problem-solving process can improve

student independence, self-efficacy, and growth mindset in learning.

As algorithms courses tend to place more weight on the design and evaluation of solutions

[Luu et al. (2023)], these steps may not be sufficient for more domain-specific tasks within

algorithms courses. The popular algorithms textbook by Cormen et al. (2022) provides a set

of explicit steps to design a DP algorithm:
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1. Characterize the structure of an optimal solution,

2. Recursively define the value of an optimal solution,

3. Compute the optimal solution value in a bottom-up fashion.

These steps are partially validated by prior works that identify these steps as common places

where students falter in solving DP problems (see Section 3.2.2). Within our study, we take

inspiration from both of these lists in orienting and guiding students.

Creation of Small Examples

Manual simulation of an algorithm’s steps has been shown to help students understand a

new or difficult concept, most commonly researched in teaching sorting algorithms [Butler

and Ahmed (2016); Battistella et al. (2017)]. The guidance provided in our study relates to

this strategy, in which students work through example problem instances while designing an

algorithmic approach [Ginat (2001)].

3.2.2 Dynamic Programming (DP)

Research on DP has introduced new tools and investigated the student problem-solving

process. A number of papers present tools to help with specific steps of a DP problem,

including understanding problem constraints Lin et al. (2021), defining a set of subprob-

lems Xia and Zilles (2023), and visualizing subproblem recurrences Velázquez-Iturbide et al.

(2016); Velázquez-Iturbide and Pérez-Carrasco (2016).

Enström and Kann (2017) experimented with teaching DP as two distinct skills: (1)

recognizing the subproblem structure and writing a recurrence relation and (2) proving the

evaluation order and implementing the algorithm, with students practicing step 2 alone

before solving problems in full. Student self-efficacy increased with this phased teaching,

though this did not correlate with performance.
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A number of papers provide insight into students’ conceptions of DP problems. Danielsiek,

Paul, and Vahrenhold [Danielsiek et al. (2012); Paul and Vahrenhold (2013)] develop and

validate the use of multiple-choice survey items to detect misconceptions about various algo-

rithmic paradigms including DP, and three studies [Danielsiek et al. (2012); Shindler et al.

(2022); Zehra et al. (2018)] present think-aloud data from students solving DP problems to

capture aspects of the process that cause students trouble. These studies corroborate one

another in finding that students often use greedy or brute-force techniques when DP is the

correct approach, and that when attempting a DP strategy, students often conflate DP with

divide-and-conquer or are unable to define a proper subproblem or recurrence. Our work

builds upon the work of these papers in a few ways: by identifying metacognitive strategies

utilized, by studying how they relate to the roadblocks identified, and by examining the

effect of guidance on student problem-solving.

3.3 Methods

3.3.1 Study Population and Recruitment

This IRB-approved study involved think-aloud interviews in Winter 2024 at a private R1

university in the US. Participants were recruited from the undergraduate Algorithms course

through announcements about an opportunity to participate in a study in which they would

receive practice and guidance solving DP problems. Students were informed that participa-

tion was voluntary and that instructors would not be informed of student participation.

Interviews were conducted in two rounds: one for the two weeks immediately after the

course’s DP lectures (R1, 19 interviews), and the other for two school days prior to the

course final (R2, 11 interviews). Seven participants were interviewed in both R1 and R2. R1

interviews are labeled I1-I19, and R2 interviews are labeled I20-I30, but labels were shuffled

within rounds to preserve anonymity.
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3.3.2 Think-Aloud Interview Protocol

Each interview was conducted by a member of the research team. Participants were presented

with a series of DP problems and asked to narrate their thought process to the best of their

ability as they worked through each problem. Participants were informed that the interviewer

could provide guidance at any time, but only upon request. This delineation was made both

to allow the participant to work as independently as possible and to analyze what types of

help are requested. Each interview lasted approximately one hour. Two forms of data were

collected: a transcript of audio recordings and a scan of the final state of the participant’s

scratch paper.

The first problem presented to all students was Coin Row, in which students are asked

to find the highest-value non-adjacent subset of a row of coins [Danielsiek et al. (2012);

Zehra et al. (2018)]. Participants solved between 1-3 problems of increasing difficulty in each

session. Problems were selected to vary in a number of aspects including subproblem array

dimension, data type, and extraction method. Returning participants received similar, but

not identical, problems.

During the last few minutes of each interview, participants were asked questions about

their experience solving algorithms problems. First-time participants were asked to reflect on

the session and identify which resources contributed to their algorithms problem-solving ap-

proach; returning participants were asked to reflect on their learning process for DP problems

since the first interview.

3.3.3 Provided Guidance

To provide the minimum help necessary, when students requested help, interviewers asked

follow-up questions to identify the level of help appropriate, modified from prior work

[Franklin et al. (2013)]. Interviewers used their best judgment to select the level of help

needed, and often gave multiple levels of help for a problem. Listed below are the levels
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of help and corresponding help given. Note that L3 and L4 are guidance strictly about a

metacognitive strategy.

L1 – Validation: Reassured their approach was correct.

L2 – Error-Check: Given location of minor computational error.

L3 – Steps: Presented with a list of problem-solving steps, modified from prior work

[Loksa et al. (2016); Cormen et al. (2022)] to align with the iterative (bottom-up) approach

in class instruction. The steps were not presented in class.

1. Reinterpret the problem prompt,

2. Select a structure for subproblems,

3. Write a recurrence relation between subproblems,

4. Describe the bottom-up evaluation to compute the solution,

5. Describe the base case(s).

L4 – Example: Instructed to create a small example [Butler and Ahmed (2016); Bat-

tistella et al. (2017)] and asked a set of generic questions that helped them use the example

to complete the step they were on.

L5 – Specific: Received more problem-specific and participant-specific guidance as

necessary.

3.3.4 Data Analysis

Codebook Development

A coding scheme was inductively developed [Thomas (2006)] to categorize moments of

progress, help requests, and metacognitive strategies used as students worked. The first

two authors initially read through four interview transcripts, making note of the ways in
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which they show student approaches. These notes became an initial coding scheme that was

independently applied by both authors to each of the transcripts; tagging was discussed to

resolve differences and amend the codebook as needed.

Phase 1: Organizational Coding

Quotes were divided by quote type, then by problem step and guidance level.

Quote Type: Only quotes relevant to the student’s problem-solving process were tagged,

categorized as Work, Help Request, Guidance, or Comment. The Work tag was used for

any student quotes illustrative of their process while working on a problem. The tags

Help Request and Guidance were used to capture when a student requested help and when

it was provided, and Comment was used for student comments about problem-solving that

were not specific to the problem they were working on.

Problem Step: All Work quotes were categorized into the step of the DP problem they

corresponded to according to the steps listed in Section 3.3.3: Reinterpret, Subproblem,

Recurrence, Evaluation, Base Case. Guidance relevant to a specific step was also tagged

accordingly. Quotes that described students pursuing a non-DP approach were tagged as

Off-Track. Note that the Reinterpret step is omitted from the results, as students rarely

verbalized or needed help with it.

Guidance: Quotes tagged as Guidance were further categorized by what level of help

was given according to Section 3.3.3.

Phase 2: Descriptive Coding

The first two authors then performed open coding to extract recurring themes of interest.

Metacognitive Strategy: First, the authors inductively classified all Work quotes by the

metacognitive strategy (if any) employed by the student. Authors identified four strategies

students used; they are described in Table 3.1. The Steps and Examples strategies matched
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our provided guidance (L3 and L4, respectively); Priors and Recursion strategies emerged

independently from the data. However, these strategies are not novel: Priors is steps (2)

and (3) of Loksa’s steps [Loksa et al. (2016)] and the recursive paradigm for DP is commonly

mentioned as an aside in algorithms textbooks [Cormen et al. (2022); Dasgupta et al. (2006)].

The authors then independently coded all Work quotes and resolved disagreements through

discussion.

Comments: Open coding was performed on the comments in a similar manner. In this

paper we do not discuss emergent themes from this category, but some comments providing

insight into metacognition are included in the results.

3.3.5 Limitations

As with all think-aloud studies, participants may not verbalize every thought or strategy,

and open coding may be imprecise even with multiple coders. Furthermore, the study was

advertised as a guided problem-solving session, so we expect volunteer bias towards students

struggling with DP. This may be especially true in R2, as students may be more strategic

about their time near finals.

3.4 Results

We begin by presenting overall findings about metacognitive strategy development and usage

(RQ1), as well as the extent to which metacognitive guidance was able to help students solve

problems (RQ2). Strategy-specific benefits and obstacles to adoption are then presented by

strategy (RQ2/RQ3).
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3.4.1 Overall Findings

Strategy Usage

In Figure 3.1, we show the percentage of students who used each strategy (Table 3.1).

Independent Usage occurs without, or prior to, guidance on the strategy and Guided Usage

indicates usage as a result of prompting based on a request for help. Partial Usage, which

is specific to Steps, captures awareness of the Subproblem step but not all steps.

Finding: The strategy used independently by the most students was Examples. We find

that 25/30 (83%) of students independently created example inputs and outputs to help

design DP algorithms.

Finding: Most students knew to start by defining a subproblem, but knowledge of the

complete set of steps was limited. While 80% (24/30) knew to define a subproblem, in only

37% (11/30) of the interviews did students independently know all of the steps.

Table 3.1: Metacognitive Strategies Identified

Strategy Description Example Quote

Problem-
Solving Steps
(Steps)

The explicit separation of the DP
algorithm design process into a se-
ries of five steps: Reinterpret,
Subproblem, Recurrence,
Evaluation, Base Case.

“Alright, so based off of what I know
about dynamic programming prob-
lems, I’d probably try to split it up into
subproblems first.” (I21)

Example Input
and Output
(Examples)

The creation of an example input
and output to experiment with in or-
der to gain a better understanding of
the problem’s structure.

“[My work] would involve I guess just
visualizing it and like manually playing
with the little cases... and that might
give us some pattern." (I11)

Prior Problems
(Priors)

The usage of a previously-seen prob-
lem and solution to provide in-
sight into the current problem being
solved.

“So I guess my new thought is that you
can, for each prize pi, you can kind of
do what we did in the last problem, you
could figure out the maximum size.”
(I28)

Recursive
Paradigm
(Recursion)

The attempt to design a memoized
recursion (top-down) DP algorithm,
as opposed to following the iterative
(bottom-up) paradigm for DP algo-
rithms as taught in class.

“We’ll take calc_max(arr,i), ... and
we’ll say that you return the max
of arr[i]+calc_max(arr, i-2) and
calc_max(arr, i-1)." (I5)
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Figure 3.1: Observed student usage of each identified strategy, split by interview round.

Finding: Independent use of Priors and Recursion occurred much less often than

Examples use. Only about half of all students explicitly mention a prior problem while work-

ing (14/30), and less than a third of students (8/30) tried following a recursive paradigm.

Of the seven students in both R1 and R2, four used Priors in one interview but not the

other, suggesting that use of this strategy may change by time or problem. Furthermore, the

use of Recursion is the only strategy with a noticeable change between the two interview

rounds, being used far less often in R2.

Level of Help Needed

Because some students only solved the first problem given, Coin Row is the only problem

that every student was presented and solved. In Figure 3.2, we present the maximum level

of help students needed to solve it.
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Figure 3.2: Maximum level of help needed for each student to solve Coin Row, split by
problem step.

Most students (16/23 or 69.6%) needed L5 help for the problem, though this help was not

needed for every step; only three students needed L5 help with more than two steps of the

problem, and seven students never needed L5 help. However, we also see that metacognitive

help (L3/L4) was generally not sufficient, with only four students being able to solve the

whole problem with it.

Finding: Students most often needed help with the Recurrence step, but help with

Example usage (L4) was often sufficient at this step. With more fine-grained examination,

we also see differences in the amount of help required by each step. While Recurrence is

the step that the fewest students solved without help, it is also the step most conducive to

metacognitive guidance, with six students able to solve it with L4 help. It is also the only

step where L4 help was enough for some students, suggesting that working with Examples

may be most useful for illuminating recurrence relations, especially compared to subproblems
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which may require more targeted help.

On the other hand, the Evaluation and Base Case steps tended to be relatively easy,

with most students needing at most a pointer (L3) to complete them. This corroborates

findings by prior work that Subproblem and Recurrence are particularly challenging steps.

Struggles with the last two steps were not necessarily related to difficulty solving the first

two: of the 7 students needing L5 help on the last two steps, only 4 needed L5 help during

the first two.

Sources of Learning Metacognitive Strategies

Students were asked to identify sources that most influenced their approach to DP problems.

Table 2 presents a breakdown of students’ self-reported sources of learning. Some students

reported multiple sources.
Table 3.2: Self-reported influences.

Source Count Source Count

Practice Problems 10 Lecture Notes 5
YouTube 9 Textbook 3
Lecture 6 LeetCode 3

Office Hours 5 Peers 2

Finding: Students’ individual preferences and experiences contribute to their decision of

which sources to learn from. The learning resources reported by students varied widely,

with some students preferring instructional content while others articulated a need to work

through a problem themselves. When stuck on a problem, some students looked beyond

class resources for example solutions to emulate: If I’m confused on a problem, I’ll Google the

problem and see if there’s similar LeetCode ones. (I12) For some, this reflected a preference

to avoid higher-level theory: For me a lot of Youtube... because Youtube would be focused on

how would I go about solving these problems, intuition behind them, not the theory behind it.

(I26)

We also find that individual student experiences can have lasting effects on where (and
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from whom) students learn to solve problems. Two students describe influential experiences

in their willingness to study with peers, though with opposing conclusions:

A group of students went outside to talk about what we kind of discussed in

office hours, and that was very helpful for thinking of what we discussed... and

how I could actually apply it. (I15)

I think sometimes listening to other people try and solve it who don’t have a

good grasp on it was very confusing, because that kept guiding me and then I

would go to office hours and they’d be like, no, none of that’s right. (I30)

3.4.2 Problem-Solving Steps

In this section, we explore the effect of explicitly providing students with the Steps strategy

(L3 help).

Finding: Providing students with a list of problem-solving steps helped students with ori-

entation and self-regulation while solving problems. We found several ways the Steps were

helpful. One student stated in their second interview:

I think the study last time ... was very helpful like trying to be like, oh, I need

to first solve a subproblem and then try and see how I can use that to solve the

rest of it. (I25)

This orienting feature could be seen in student work as well. Of the 19 students instructed

to follow the Steps, 12 were working out of order or on a non-DP approach prior to the

instruction, and 9 of these 12 subsequently completed the problem in the correct order

without deviating. For example, one student (I3) requested help after being unable to

define a recurrence without an explicit subproblem in mind, and when presented the Steps,

completed the problem without needing any further guidance.
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The Steps were also adopted by students as a regulating question. After being given the

list while working on the first problem, one student asked the interviewer to repeat the Steps

before starting the second problem (I10), and another requested the Steps after hitting a

roadblock in the second problem: Can you repeat the list of steps that you break dynamic

programming problems into? (I28)

Finding: Providing students with a list of problem-solving steps was not enough to allow

students to solve problems, especially when they had an incomplete understanding of a step.

An awareness of the Steps was not sufficient for successfully designing an algorithm; of the

19 times students were given the Steps to follow, only 3 needed no additional help. Naming

the Steps was not sufficient if students did not have the theoretical understanding behind

them, and the presentation of Steps, especially “subproblem" and “recurrence," may actually

contribute to the well-documented conflation of divide-and-conquer and DP [Danielsiek et al.

(2012); Zehra et al. (2018)]:

When I think dynamic programming I’m thinking like splitting it into two sub-

problems and then like maximizing those subproblems. (I12)

Furthermore, one students made clear that the presentation of Steps did not substitute for

practice:

Saying, oh, you break it into subproblems and then you find recursive subprob-

lems... this stuff is great, but for me personally, it’s not very helpful. And not,

you know, that you didn’t do a good job. But I’m certainly saying that I learned

a lot more from just thinking about these two problems... and being able to ask

clarifying questions. (I5)

This student’s insight emphasizes the role of an individual’s self-regulation in the effectiveness

of teaching metacognitive strategies.
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3.4.3 Example Inputs and Outputs

In most (25/30) of the interviews, students worked through Examples on their own accord

at some point. Three students who did not initially use Examples were prompted to do so

during a guidance request, and two completed the interview without using Examples.

Finding: Example inputs help students reason about the problem structure in a concrete

way, but was often not enough for students to solve problems. Students turned to this strategy

for insight about the problem: I’m going to look at this if I have numbers, to see if that helps

me think through it. (I10) In some cases, the Examples helped students understand how the

solution algorithm needed to work:

So I’m assuming there’s some sort of sum of k cases that needs to be maximized,

because that’s sort of the way I did it when picking values [in my example]. (I9)

However, use of Examples alone was not enough: of the 19 students who used Examples in

solving Coin Row, 16 students still needed the highest level of help to complete the problem.

One particular issue with the strategy was with students who did not create an illustrative

example – 6 students tried developing greedy algorithms for Coin Row after creating an

example input that lent itself well to a greedy paradigm.

3.4.4 Prior Problems

In approximately half (14/30) of the interviews, students independently utilized the Priors

strategy, attempting to understand the current problem through the lens of a prior problem.

Planned guidance did not include suggesting this due to the inconsistency of problems pre-

viously seen by students, so this metacognitive strategy was entirely student-initiated within

our data.

Finding: Students who referenced previously-seen problems often struggled with an over-

reliance on the details of the prior problem. In one case, a student who had an incorrect
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initial conception of dynamic programming subproblems was led to success when referencing

a prior problem:

Okay, so I know dynamic programming, you just find a small sub-problem to

solve... maybe one common way is to just keep taking halves, but that doesn’t

really work. From our previous problem... I think you just take every single

index... and then keep increasing until we get to n, so maybe that’ll work. (I1)

However, the Priors strategy proved detrimental when students relied on a takeaway

from a prior problem that was not applicable to the current problem, in terms of what

worked previously:

I think I’ve solved more 2D problems... [so] I ended up defaulting to 2D... And

then I think I realized halfway through that I was kind of defaulting to 2D, and

then started not defaulting to 2D, and then for whatever reason, I defaulted back

to it even though I realized I didn’t need to. And then before I got too far, I was

like, oh, wait, I should be in 1D. (I14)

as well as what didn’t:

Interviewer: Was there a reason you were trying to avoid ordering the subprob-

lems?

Student: Well, today in class I suggested [solving] in order, and [the instructor]

said it didn’t work. (I3)

These students may be extracting the wrong patterns from prior problems, and in doing so

hindering their own progress. This was especially exacerbated for students who referenced

prior problems with greedy or divide-and-conquer solutions.

48



3.4.5 Recursive Paradigm

Though DP was taught in the course with the iterative (bottom-up) paradigm, eight students

attempted top-down design (Recursion).

Finding: Some students express favoring the recursive DP paradigm in helping them

develop a recurrence relation. One student stated, soon after beginning to work on the first

problem, I like the more recursive structures when doing these problems. (I4) The student

then proceeds to write the correct subproblem and recurrence in the format of a recursive

solution to the problem, before using this insight to write out a full iterative solution, with

no guidance needed. Another student instead wrote out the fully recursive algorithm before

adding memoization for a full recursive DP algorithm. The student also seemed to be learning

why they chose that process:

I guess now I’m realizing, I think the core of this is understanding the recurrence

relation. And probably once you understand the recurrence relation, it’s... maybe

a bit more trivial because then you just find a way to memoize... so it’s like a

halfway step. (I5)

This student’s moment of self-discovery highlights the varying degree of awareness of one’s

own metacognitive processes. Despite using the same strategy, they learned it from different

sources: I4 stated that this process was developed through LeetCode practice, while I5 cited

a short aside during a lecture.

Finding: This reframing is less effective for students who are not as comfortable with

recursion or recursive ideas. One student brought up the Recursion strategy up as some-

thing to avoid: I did [recursion] at first. I tried to get away from that because it wasn’t really

working for me (I10). Furthermore, a number of students tried to create recursive algorithms

due to their conflation of DP with divide-and-conquer algorithms. For these students, the

Recursion strategy is likely to cause increased confusion. We also notice in Figure 3.1 that

the use of the recursive paradigm decreased significantly in R2. Though we do not have
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interview data about this, it may be explained in part by the decoupling of DP with the

recursive divide-and-conquer, or by the lack of formal support for the strategy in class.

3.5 Discussion

Our results provide insight into the individualized nature of metacognitive strategies. Stu-

dents develop their strategies from a variety of sources, and the value of each source depends

on personal experience. Similarly, there is a varied level of intentionality expressed in why

students select strategies, as highlighted by the students using the recursive paradigm. We

also notice clear self-regulatory awareness in the pushback against both Steps ("for me per-

sonally, it’s not very helpful" (I5)) and Recursion ("it wasn’t really working for me" (I10))

strategies, suggesting that differences in strategy use were not driven by differences in ability,

but rather individual self-regulation leading to differing strategy prioritization.

That said, our results also demonstrate the general effectiveness of metacognitive strategy

utilization. Students use these strategies to orient themselves and find direction within a

problem, to search for insight when at a roadblock, or to reframe the problem altogether.

Though it is difficult to quantify the degree to which the strategies helped, it is clear that

the strategies allow the student to make progress, and Figure 3.2 provides evidence that

providing generic strategy-related guidance can allow students to solve problems that they

otherwise could not, especially in the Recurrence step. Furthermore, I25’s quote referencing

being told the problem-solving steps in the previous session speaks to the potential for longer-

lasting positive effects of this kind of guidance, regardless of whether it allows the student

to solve the current problem.

Even though we find evidence of both short-term and long-term benefits to the explicit

teaching of these metacognitive strategies, reinforcing previous work [Loksa et al. (2016);

Donker et al. (2014); Loksa et al. (2022)], our work also reveals pitfalls in the use of each

strategy. Within our results, we present ways in which each of the first three strategies
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misguided students, and discuss potential for the fourth strategy to do the same. Thus, the

presentation of a strategy should not be viewed as an immediate panacea, as the successful

adoption of the strategy may be hindered by incomplete foundational knowledge or potential

misuse.

Overall, our results demonstrate that the adoption of metacognitive strategies is a highly

individualized process dependent on students’ personal preferences and their understanding

of both the strategy and the related content. Instruction about these strategies must go

beyond simply presenting the strategy by recognizing and accounting for the obstacles these

factors may present to the strategy’s effective use.

3.6 Conclusion

If used successfully, metacognitive strategies provide a structure that allows students to not

only solve problems but also reflect on their experience and grow as an algorithm designer.

In our study, we find that students rely on metacognitive strategies and exhibit some self-

regulatory behavior without prompting, though the source, usage patterns, and success of the

strategies can vary between students. We also find evidence that providing guidance towards

using these strategies for solving DP problems is beneficial, but not in itself sufficient. As one

student describes, "Different people are different. I’m not someone who understands things

abstractly, I just have to do it. If you put me in a room and gave me 20 of these problems and

gave me someone to ask reasonable questions, I feel like I would learn it [better than] if you

gave me the most talented lecturer in the world." (I5) Though the strategies themselves may

be sound, developing good teaching techniques for these strategies will require not just good

presentation but a careful examination of the individualistic process of learning to adopt

them.
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CHAPTER 4

RELATING STRATEGY USAGE TO COURSE OUTCOMES

This chapter’s work is published with the following citation: Jonathan Liu, Erica Goodwin,

and Diana Franklin. 2026. Analogical Reasoning in Undergraduate Algorithms. In Pro-

ceedings of the 57th ACM Technical Symposium on Computer Science Education V.1 (USA)

(SIGCSE TS 2026). Association for Computing Machinery, New York, NY, USA, 673–679.

doi:10.1145/3770762.3772624. Used with permission.

4.1 Introduction

The ability to draw meaningful relationships between a new situation and previously seen

problems is a crucial problem-solving skill [Loksa et al. (2016); Polya and Conway (2004)].

This skill, known as analogical reasoning, relies on both the proper categorization of prior

scenarios into schemas capturing the problem structure and the ability to retrieve the prior

scenario and draw appropriate connections and inferences [Gick and Holyoak (1983)]. Prior

work has demonstrated that experts perform this categorization well, using structural fea-

tures to organize problems, while novices often construct schemas that rely more on surface-

level features [Chi et al. (1981)].

The development of analogical reasoning abilities may be especially important in the

undergraduate algorithms course, which is typically taught in paradigms and emphasizes the

structural similarities between problems in the paradigm. However, this skill is traditionally

not explicitly taught, and students are expected to learn to develop their ability to construct

schema and reason analogically on their own. Research suggests that this is not working,

and students often fail to utilize algorithmic strategies that they are familiar with when

solving new problems [Armoni (2009); Ginat (2004)]. For this skill in particular, we also

found in Chapter 3 that students are selecting relevant previously-seen problems but drawing
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inferences that are inapplicable to the new problem.

In this study, we conduct a thorough investigation into the development of analogical

reasoning skills and schemas within the algorithms course. We employ a lightweight inter-

vention introducing the explicit modeling and teaching of analogical reasoning and schema

development into an undergraduate algorithms course, and ask students solving algorithm

design questions on the course’s exams to describe the similarity between the exam problem

and a previously-seen problem that influenced their design. With their responses, we answer

the following research questions:

• RQ1: How accurate are student-identified similarities between algorithm design prob-

lems?

• RQ2: Among the correctly identified similarities between algorithm design problems,

how much depth of understanding of the problems do they demonstrate?

• RQ3: Does the student’s previously-seen problem selection correlate with the depth

of their comparison?

• RQ4: Does depth of similarity correlate with their success on the new problem?

Broadly, we find that comparison depth correlates closely with performance on the actual

algorithm design. Furthermore, comparing student-selected similar problems to expert-

selected ones, we find that students whose problems align with experts are signficantly

more likely to also create a structural analogy, which is correlated with increased success

on the problem. Our results reinforce the importance of analogical reasoning in algorithm

design, provide deeper insight into the link between problem selection and analogy creation,

and suggest that further work should investigate the development of interventions teaching

analogical reasoning in algorithms courses.

53



4.2 Background and Related Work

4.2.1 Theoretical Grounding

We are interested in understanding the problem-solving skill of drawing meaningful com-

parisons from previously-seen problems to inform the development of a solution to the new

problem. This skill, known as analogical reasoning, can be thought of as a three-step

process: Retrieval, the selection of a prior similar situation; Mapping, the construction of an

alignment between the two situations that allows for inferences about the new problem; and

Evaluation, the judging of any inferences made for correctness and applicability [Gentner

and Smith (2013)].

Retrieval and Schema Construction

In the construction of a successful analogy, a student must first be able to recall a prior

situation with structural similarities to the new one. Unfortunately, problem solvers often

fail to remember potentially helpful prior situations, especially when not prompted to do

so [Gick and Holyoak (1980); Ross (1984)]. This has been shown to be related to the

organization and storage of the prior situation in memory, or the schema [Gick and Holyoak

(1983)]. In a variety of settings, studies have shown that novices often construct schema that

draw similarities between problems that share surface features, or aspects of the context of

the situation (e.g. both problems are about arrays), while experts and successful retrievers

tend to categorize by structural similarities, which relate more to the problem’s underlying

structure and its corresponding solution (e.g. both problems can be solved with dynamic

programming) [Chi et al. (1981); Catrambone (2002)]. The field of computer science is no

different – novices in computer science are often unable to recognize when to apply learned

strategies to novel situations as well [Perkins and Fay (1985); Teague and Lister (2014); Izu

and Mirolo (2021)].
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Mapping and Evaluation

The core of the analogical reasoning process is the Mapping, which involves the alignment of

structural components of the two situations and the subsequent transfer of ideas or inferences,

and is followed by an Evaluation of whether those inferences hold in the new situation [Gen-

tner and Smith (2013)]. Studies have also shown that even when novices are presented with

a useful related problem and scaffolding for structural schema construction, they are still

often unable to recognize the structural similarities that allow them to apply it to the new

situation [Gentner et al. (2003); Gick and Holyoak (1980)].

4.2.2 Related Work

Problem-solving Skills in Algorithms

Prior work studying problem-solving skills within the realm of algorithm design suggests

issues with analogical reasoning skills as well. Upper-level undergraduate students have

been found to not utilize previously-seen problem-solving strategies when solving algorithm

design problems, despite familiarity with problems in the paradigm [Ginat (2004); Armoni

(2009)], likely reflecting an issue in either Retrieval or Mapping. Even when recently taught a

new strategy [Izu et al. (2017)] or working within a known paradigm (Chapter 3), algorithms

students often fail to correctly reason about connections to problems they’ve seen before,

suggesting issues with Mapping and Evaluation. While prior work was all conducted in the

thinkaloud setting, involving interviews focused on the usage of a specific strategy, our work

deepens our understanding of the importance of analogical reasoning for algorithm design by

analyzing students’ usage of analogical reasoning in the natural context of their course and

at a larger scale than prior work. This allows us to investigate broader patterns about how

students are using it and the extent to which it is necessary for successful algorithm design.
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Interventions for Schema Construction

Interventions have been developed to support students in the schema development process,

in the hopes of facilitating stronger analogical reasoning in applicable situations. There is

a large body of evidence suggesting that asking students to compare different instances of

a problem with an shared structure of interest helps them develop structural schema, even

if the problems are both new to the student [Alfieri et al. (2013); Gentner et al. (2003);

Gick and Holyoak (1983)]. In computer science education, Muller develops Pattern-Oriented

Instruction, a pedagogical structure that explicitly names common programming patterns

in CS1 (e.g. “Do all items satisfy a condition?”) in instruction to assist students with the

construction of appropriate structural schema [Muller (2005); Muller and Haberman (2008)].

This structure was also implemented in an algorithms course [Enström and Kann (2017)],

though in conjunction with other interventions, so results are unclear.

4.3 Methods

4.3.1 Course Context

This study was conducted on the Spring 2025 offering of an undergraduate algorithms course

at a private research-oriented university in the US. The course had around 100 students.

Students were divided into 8 recitation sections during which one of four Teaching Assistants

(TA) worked through a worksheet of problems with students. The course is split into content

units by algorithmic paradigm, and assessment consists of one midterm and one final exam.

These exams had medians of 51 and 52.5, respectively.

4.3.2 Intervention

In order to ensure that students were given the opportunity to develop analogical reasoning

skills within the course, the first author met with course staff to discuss the integration of
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explicit analogical reasoning guidance. The instructor and TAs agreed to model reflecting

on a problem and its takeaways during lecture and office hours, and questions prompting

students to reflect upon and compare problems were added to recitations and homework

problem sets. See Table 4.1 for a description of all changes made to the course. Students

were not informed that changes were made. Note that our study does not measure the

effectiveness of this intervention; the intervention was introduced to give students practice

with explicitly using analogical reasoning before a test situation.

Table 4.1: Additions to Course Pedagogy

Class Aspect Description Example Addition

Lecture
The instructor modeled compar-
ing different algorithms, especially
within a paradigm.

“How is this Greedy algorithm
similar from the last one we saw
in class? How are they differ-
ent?”

Homework +
Recitation

Questions were added that high-
lighted problem structure to help
students with schema construction.

“What was one key insight that
allowed you to design this algo-
rithm?”

Office Hours

Course staff was instructed to ask
students to reflect on previously-
seen questions when appropriate to
help solve problems.

“Where have we seen a constraint
like this before? How did we
solve that problem?"

4.3.3 Recruitment and Data Collection

With IRB approval, students were pointed to a consent form, which stated that researchers

were hoping to collect anonymized student work from the course to better understand al-

gorithms pedagogy, and asked whether students wished to opt into having their classwork

analyzed. Students received a small amount of credit for submitting the form, regardless of

their response, and responses were not revealed to course staff while the course was ongoing.

Roughly half of the class (50 students) provided consent.

After course grades were finalized, a course TA was provided a list of consenting students.

57



These students’ graded exams were anonymized and assigned a random identifier so that a

student’s two exams could be linked to one another, but not back to the student. All

consenting students took the midterm, and all but two took the final exam. As the exams

were graded, we also obtained students’ scores on each problem.

4.3.4 Measurement of Analogical Reasoning

Across the two exams, each student was asked three algorithm design questions, listed in

Table 4.2. To measure student analogical reasoning skills, the questions were each appended

with the following analogical reasoning reflection question worth two points (out of 90 and

92 total on the exam):

Identify a problem or algorithm we’ve seen in class (lecture, homework, or dis-

cussion) that influenced your work on this problem. Explain the attributes that

are similar in the two problems and how that influenced your work.

We isolate different parts of the analogical reasoning process by analyzing students’ answers

to these follow-up questions. Answers are analyzed in two parts: Retrieval is measured

through the question referenced, and Mapping and Evaluation are measured through the

similar attribute named.

4.3.5 Data Processing

Two students did not take the final, and four reflection questions were left blank, so we

collected 142 responses. For each response, the first two authors independently extracted

the retrieved problem and the stated similarity, resolving differences through discussion. 18

responses listed a problem but no similarity, and 8 described a subjective or uninterpretable

similarity, so they were removed. On the other hand, 26 responses named two problems or

two similar attributes, and were split into separate entries. This resulted in 142 total entries,

each with a retrieved problem and a stated similarity.
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Table 4.2: Exam Questions. The final exam had two versions with slightly modified ques-
tions, indicated by the brackets.

Paradigm Problem Statement

Divide and Conquer
Concatenation Median: Design a divide-and-conquer
algorithm that takes as input two sorted arrays A and B
and outputs the median value of their concatenation.

Graph Algorithms

One-way [Cost/Quota]: You are given a map (as a
directed, weighted graph) where some streets are one-
way. A fire truck may go the wrong way on one-way
streets, but [for extra cost k/only up to k times]. Design
an algorithm that provides a fire truck’s shortest path
from the fire station to all other vertices.

Dynamic Program-
ming

[Longest/Number of] Paths: You are given a DAG
G. Find the [longest path starting from/number of paths
from s ∈ G to] each node in the graph.

4.3.6 Qualitative Coding

The quality of the student’s Mapping was measured through the stated similarity, with a

metric we refer to as depth. To measure depth, we follow prior work by using Structure

and Surface tags to capture attributes that did or did not indicate understanding of the

structure/solution to the problem. Analysis from a pilot study prompted us to add two

additional intermediary tags for the algorithm design context: Paradigm, for responses that

are beyond Surface but could apply to any problem in the same algorithmic paradigm, and

Usage, for responses that named an algorithm directly called by the student’s solution (e.g.

a student’s solution may begin by doing a DFS traversal of a graph, and their response would

say that DFS influenced their work on the problem).

In creating this analogy, the student is actually making two claims (that the stated

similarity applies to the exam question, and that it applies to the retrieved question), so

each response was tagged twice. While Surface and Paradigm generally stayed the same

between both sides of the analogy, students often described a Structure-level attribute about

their retrieved question that was actually not applicable to the exam question’s solution, so
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we added an Incorrect tag as well. For attributes that were Incorrect about the exam

problem, we then tagged whether it was true about the student’s submitted algorithm.

In Table 4.3, we provide the codebook and examples for our tagging scheme. The first

two authors tagged each entry independently, convening repeatedly to discuss and resolve

disagreements.

Table 4.3: Similarity Tagging Scheme

Code Description Example

Structure

The response indicates specific
knowledge about the problem’s
structure or solution, beyond
Paradigm or Surface tags.

“This reminded me of the colored
edges problem... The solution for that
problem also involved duplicating the
graph and connecting edges between
them to represent the different states.”

Paradigm
The stated attribute is gener-
ally true about problems in the
paradigm.

“Mergesort influenced my thinking for
this question, breaking down the prob-
lem into smaller subsets is similar.”

Usage
The referenced algorithm is
called in the student’s solution
to the problem.

“Since it’s DAG, the immediate
thought is the algorithm for DAG lin-
earization (topological sorting).”

Surface
The stated similarity can be
found directly in the problem
statement.

“The roadtrip problem about calculat-
ing fuel costs, which also had edge
costs & optimizing time.”

Incorrect The stated similarity is not true
about the problem.

“I like how you create an inverse graph
with Dijkstra’s to create this inverse
flow/mapper. So Prim’s algorithm?”

Inconclusive The stated similarity is subjec-
tive or difficult to interpret.

“I was honestly more influenced by
Knapsack. The structure ... was very
similar to mine.”

To create a metric for problem selection that would allow us to answer RQ3, we wanted

an understanding of how experts would use analogical reasoning on the problem. To do

so, we consulted TA-written solutions to the reflection questions, which listed one or two

potential analogy candidates. Any reference question mentioned by a TA solution was tagged

as Expert-Retrieved, or ER.
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4.3.7 Data Analysis

Research questions RQ3 and RQ4 are addressed with the help of statistical tests. To answer

RQ3, whether problem selection is related to depth of similarity, we run a chi-square test

of independence, grouping by ER and by depth. For post-hoc analysis, we determine the

Pearson residual for each cell to identify cells with critical residuals, as recommended by

Sharpe Sharpe (2015). To answer RQ4, whether similarity depth is related to score on the

exam problem, we measure whether the score distributions differ when grouped by depth tag.

A Shapiro-Wilk test for normality Riffenburgh (2006) finds that scores on the problems are

significantly non-normal (p < 0.001). As such, we use the (non-parametric) Kruskal-Wallis

test Ostertagova et al. (2014) for differences in multiple groups. We then use the Dunn test

for post-hoc analysis, with the Bonferroni correction for multiple comparisons Dinno (2015).

4.4 Results

4.4.1 Overall Reflection Quality

We begin by providing descriptive statistics about the depth and correctness of mappings to

answer RQ1 and RQ2. The tags discussed in these results refer to the depth of the mapping

made in relation to the exam problem. In most (80%) cases, this tag matches that of the

reflection made in relation to the retrieved problem. Paradigm mappings always applied

to both problems, and Surface level mappings typically did (all but two), but the others

had more variation. For example, those that were Structure-level for the exam problem

could be tagged as Usage if it described using the retrieved problem, and those that were

Structure-level for the retrieved problem could be Incorrect about the exam question.

Students retrieved 37 unique problems, with some variation and some overlap: 18 were

only referenced by one or two students, 16 were referenced by 3-9 students, and the remaining

3 were referenced by between 10-20 students.
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Figure 4.1: Depth of Comparisons by Exam Problem Paradigm. In total, around 40% of
comparisons made are structural, and the rest are evenly split between the other three tags.

Figure 4.1 shows the distribution of student responses, sorted by Structure, Paradigm,

Surface, and Incorrect tags, for each algorithmic paradigm. In total, we see an even

distribution of Paradigm (21%), Surface (18%), and Incorrect (20%) responses,

with responses at the Structure level appearing twice as frequently (41%). Across

the three algorithmic paradigms, the four tags are still distributed approximately equally,

though Dynamic Programming saw a greater number of Structure-level responses.

Structural Mappings

The most common tag was a Structure level mapping: 53 of our 142 tagged responses

constructed a structural analogy between the retrieved problem and the exam problem.

Five reflections displayed a Structure-level similarity about the exam problem but not

the retrieved problem. Two of these correctly described the Usage of another algorithm in
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their exam solution, one stated “I don’t remember but there was a problem... that also used

copying nodes,” indicating awareness of Structure without explicit retrieval of the relevant

problem, and two named attributes relevant to the exam question but Incorrect about

the retrieved problem. For example, one student reflected on the similarities between the

Longest Path exam problem and the Bellman-Ford algorithm, writing that both involved

"starting at the last edge and work[ing] back", which is Incorrect about Bellman-Ford but

correct about the Longest Path exam question.

Incorrect Mappings

On the other hand, 28 students stated an attribute that was Incorrect about the exam

question. Of these, most (71%) referenced a Structure-level insight about the retrieved

problem that was Incorrect about the exam problem, reflecting a failure in the Evaluation of

the analogy. That said, in approximately one-third of these reflections (7/20), the Incorrect

attribute was never used in the student’s submission, suggesting a disconnect between the

student’s answer to the reflection question and their true problem-solving process.

Of the remaining Incorrect mappings, four students named an attribute Incorrect

about both problems, two cited Usage of algorithms that the exam solution did not call for,

and two cited a Surface-level property that was not true about the exam question.

4.4.2 Effect of Problem Selection on Depth

We explore RQ3 by studying whether a student’s reference problem selection relates to the

depth of their tag. As described in Section 4.3.6, a referenced problem was tagged Expert-

Retrieved or ER if it aligned with staff-written solutions. Nine problems were designated

ER across the five exam questions. Though all nine appeared in the retrievals, they were

relatively uncommon: only around a third (48/142) of analogies made by students were to

an ER problem. The depth of similarity when divided by alignment to ER is displayed in
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Figure 4.2.
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Figure 4.2: Depth of Comparison to Exam Problems, split by whether Referenced Problem
was Expert-Retrieved. Asterisks represent measurements with critical residuals (α = 0.05).
When students aligned with experts on problem selection, the analogy was significantly more
likely to be structural.

As shown in Figure 4.2, there is a stark difference in the distributions depending on

whether the problem was ER. We ran a chi-square test of independence and found a significant

difference between the two distributions (χ2(3, 142) = 24.98, p < 0.0001). Post-hoc analysis

reveals that the Structure counts for both groups as well as the Incorrect count for the ER

group have critical residuals, indicating that their values are significantly (α = 0.05) different

from expected. We conclude that students who selected a problem that aligned

with expert recommendation were significantly more likely to name a Structure

similarity and significantly less likely to name an Incorrect one. On the other

hand, tags were distributed fairly evenly when the problem was not ER. We thus

see that students can still make a Structure-level analogy with a non-ER problem, but often

identified less meaningful similarities instead.
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4.4.3 Relationship between Tag and Score

Finally, to answer RQ4, we analyze how response depth relates to student performance on

the actual algorithm design problem.
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Figure 4.3: Score on Algorithm Design question, split by depth of analogy. Structure analo-
gies scored significantly (p < 0.001) higher than both Paradigm and Incorrect level analogies.

We find that student score varied significantly by response depth and that

Structure similarities are tied to higher scores. Figure 4.3 displays student perfor-

mance on the problem, grouped by tag. On one end, students with an Structure-level

similarity perform well on the problem, with over 70% of them scoring at least 50% of the

points on the question. For no other tag do even half of the students score more than 50%

on the question. On the other end, we see that students with an Incorrect similarity score

comparatively poorly, with 35% scoring a 0 and 39% more scoring less than half. A Kruskal-

Wallis test [Ostertagova et al. (2014)] test for group differences finds that the four groups
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are significantly different (H = 23.3, p < 0.0001). A post-hoc analysis on the group pairings

through Dunn’s test with Bonferroni corrections [Dinno (2015)] finds a significant difference

between Structure and both Paradigm (p < 0.001) and Incorrect (p < 0.001).

The lack of statistically significant difference between scores in the Structure and

Surface categories also corroborates the observation that Surface similarities performed

better than the other two non-Structure categories, with over 40% of the Surface re-

sponses earning above half score on the question (as opposed to around 25% of the responses

from both other non-Structure categories earning above half score).

Because the number of non-Structure tags for ER problems is so low, we do not run

statistical tests on the interaction between similarity depth and expert selection. However,

we note that students who find Structure-level similarities to ER problems score an average

of 66.77% on the question, whereas students who find Structure-level similarities to non-

ER problems score a similar average of 62.65%, implying that similarity depth is a stronger

factor than problem selection in terms of algorithm design performance.

4.5 Discussion

Overall, we find that the ability to do analogical reasoning is closely tied to algorithm design

ability. Students who create a Structure-level analogy between an exam problem and a

previously-seen problem also tend to score significantly higher on the exam problem.

4.5.1 The Impact of Problem Selection

Our results strongly suggest that the recognition of a structurally similar problem to the exam

problem (as measured by expert selection) is not easy, but that doing so is strongly tied to

success in solving the problem. Only around a third of students construct an analogy to an ER

problem, but students who do so largely (69%) describe Structure-level analogies, despite

it still being possible to make Paradigm-level or Surface-level mappings. Furthermore, we
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then find that Structure-level similarities were significantly tied to higher score on the

problem. Even though Structure-level similarities scored higher than others regardless of

whether the problem was ER, the strength of the tie between ER and similarity depth indicate

that good retrieval problem selection is strongly beneficial for the algorithm design process.

On the other hand, the finding also suggests that the ability to find any prior problem with

a Structure-level similarity, and not just expert-identified close problems, is still a strong

predictor of success on the actual algorithm design.

As such, it is critical to ensure that students are learning to store and compare problems

in schema that are appropriate for future retrieval and structure-level analogical reasoning.

Our study implements a lightweight intervention aimed at explicitly modeling the skill in

the algorithms course. Though our data does not measure the effect of our intervention, our

findings reinforce that interventions with this goal can help students succeed in the course,

and should be explored in future research.

4.5.2 Re-evaluation of Schema Sorting

Somewhat contradicting prior literature on novice vs. expert schema, we find that Structure

and Surface tags are not associated with significantly different performance on the problem,

despite Structure being significantly different from both Paradigm and Incorrect. This

could be a result of inaccurate measurement: the reflection question is a low-value question

on a high-stakes exam, so some students may just write the first thing that comes to mind.

However, the results may reveal a disconnect between student problem-solving ability and

metacognitive reflection ability. As the reflection question comes after the algorithm design

question, students may be properly solving the problem but unable to identify previous

problems that influenced their work afterwards, and may be defaulting to a more surface-

level comparison just to write something in and move onto the next problem. Splitting the

responses by both similarity depth and alignment to ER, we find that at any depth level,
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students who selected an ER problem perform better. These numbers are low — each non-

Structure depth level is only tagged in around 5 responses with ER problems — but they

may reflect a student’s inability to articulate the deeper similarity between the problems, or

that they simply opted to describe a shallower similarity despite knowing a deeper one. It

is worth exploring the extent to which student answers to our reflection question properly

capture the process with which they solved the problem.

4.6 Limitations

The ability for a student to perform analogical reasoning is dependent on both the exam

problem and the questions they have previously been assigned in class, so different exam

questions may have resulted in different overall patterns. We also relied on the course’s

rubric and assigned grades for each problem, so a more standardized grading scheme may

have created different trends.

The reflection question was also a short, low-value question, so students had little in-

centive to spend time constructing the best possible analogy. We expect both contextual

and metacognitive factors to potentially limit the accuracy with which student responses

reflect their true analogical reasoning ability, and recommend more in-depth study of these

processes in the future.

Especially because the reflection followed each exam question, we emphasize that our

findings are correlational. Students who successfully found Structure-level and ER analo-

gies performed better on the problem, but our data should not be interpreted as implying

causation in any direction.
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4.7 Conclusion

In this work, we demonstrate at a classroom-level scale that analogical reasoning is an im-

portant skill for algorithm design. Specifically, we find that students who retrieve problems

that experts would retrieve also tend to create meaningful analogies with them, and that

these meaningful structural analogies are associated with stronger performance on the algo-

rithm design question. Our work introduces a lightweight intervention to give students some

practice with the skill, but our findings encourage the development of a more systematically

developed intervention that leverages prior work on both schema development and analogy

creation to support students in developing the analogical reasoning ability necessary to solve

algorithm design problems.
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CHAPTER 5

INVESTIGATING STRATEGY INTRODUCTION METHODS

5.1 Introduction

Traditionally, algorithms courses and textbooks do not provide explicit guidance about

metacognitive problem-solving skills. In our results from Chapter 3, we find evidence that

students are beginning to adopt these skills, but even at the end of the course students often

apply them incorrectly, which prevents students from properly utilizing these skills when

designing algorithms. In Chapter 4, we demonstrated that the successful development of

these skills is closely tied to success in algorithm design. Furthermore, prior work in a wide

variety of fields ranging from introductory CS [Loksa et al. (2016); Franklin et al. (2020)] to

reading [Vaughn et al. (2011)] and business [Gentner et al. (2003)] find that explicit scaf-

folding for metacognitive skills is tied to increased adoption of the skill and overall success

in the original learning goal. Taken together, these results suggest that the introduction of

explicit guidance about metacognitive skills in algorithms courses is a promising avenue to

explore in order to improve students’ algorithm design skills.

In this work, we investigate the introduction of problem-solving steps to students during

the Dynamic Programming (DP) unit of undergraduate algorithms courses. The DP unit

was chosen due to its prevalence [Luu et al. (2023)] and perceived difficulty [Enström and

Kann (2017)], as well as the paradigm’s natural breakdown into a series of design steps. In

fact, the steps taught here are similar to the series of steps introduced to students in Chapter

3. We also note that traditional algorithms problems ask students to write pseudocode for

an algorithm, which requires not only the design but also a subsequent implementation of

the algorithm. Prior work has demonstrated that some DP-related misconceptions involve

this implementation specifically [Shindler et al. (2022)]. Practice problems that provide more

explicit scaffolding for these steps may give students the guidance needed to properly adopt
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them to design and implement DP algorithms.

Though prior work often references these problem-solving steps, there is little existing

research establishing the connection between steps-level scaffolding, learning the steps, and

successfully solving DP problems. We perform a randomized controlled trial where students

are presented with the steps and then solve practice problems with either design-level scaf-

folding (Design) or both design-level and implementation-level scaffolding (D+I), compared

to a control condition with the steps but no further scaffolding (Control), to investigate the

following research questions:

• RQ1: To what extent does step-level scaffolding impact student process steps recall

for Dynamic Programming algorithm design problems?

• RQ2: To what extent does step-level scaffolding impact the ability for students to

design and implement in Dynamic Programming algorithm design problems?

• RQ3: To what extent does step-level scaffolding impact student pace when solving

Dynamic Programming algorithm design problems?

5.2 Background

5.2.1 Dynamic Programming Problem-Solving Steps

When novices are faced with complex, multi-step problems, the challenge posed by the

problem itself is often coupled with the task of navigation and self-orientation during the

problem-solving process. Failure to self-orient may lead students to be unsure about why

they’re not succeeding and less able to ask for help [Prather et al. (2018); Loksa et al. (2016)].

The introduction of a reusable set of steps can help orient students and promote self-reflection

as they learn to solve problems, as has been shown in intro CS and other fields (see Chapter

3.2.1). In Chapter 3, our exploration of student usage of metacognitive strategies included,

71



for some students, the introduction of a series of problem-solving steps for them to follow

when designing DP problems. While we found that providing students with the steps often

provided them with some orientation in their problem-solving process or determine the next

step to take, it was generally not enough to help them complete the problem.

In this work, we conduct a more targeted investigation into the value of introducing

these steps to students as they are learning DP. For this work, we view designing Dynamic

Programming algorithms as a process consisting of the following sequence of five design

process steps:

1. Select a subproblem structure.

2. Use a recurrence relationship to fill in subproblem values.

3. Select the iteration order over the subproblems.

4. Initialize base case(s).

5. Return a solution.

While there is no universal agreement on what the DP design process steps are, these steps

mirror those used by prior work. Textbooks by Cormen et al. (2022) and Erickson (2019)

list steps 1, 2, 3, and 5, folding step 4 into step 3. Work by Enström and Kann (2017) uses

the first three steps , and our work from Chapter 3 use the first four. We chose this set of 5

because it represents a union of prior work.

However, though the sources agree that the DP design process occurs in this order, DP

algorithms when implemented in code follow a general outline that does not follow this

order. This is intrinsic of the process and can not be fixed by adjusting the design steps. For

example, the determination of which base cases to compute (Step 4) necessarily depends on

the recurrence being used (Step 2), but proper code requires us to compute the base case

before using the recurrence, so Step 4 must come before Step 2 in the code.
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Figure 5.1 gives an example implementation for a DP algorithm, with the design steps

labelled. As shown, the implementation can be constructed through only code from the

design steps, but the ordering followed during the design process is not the ordering that the

final functional code is written in.

Figure 5.1: A sample pseudocode implementation of a DP algorithm. The design steps (in
the pseudocode’s comments) are not implemented in the same order, potentially adding to
student confusion.

To that end, in this work we view the process of solving a DP problem as a two-phase

problem: first a student must design the algorithm using the steps listed above, and then

the student must implement the algorithm by piecing together the code (or pseudocode)

related to each step.

5.2.2 Micro Parsons Problems

Parsons Problems are a seminal problem style in Computer Science Education in which

students must place a provided scrambled set of code blocks in the correct order to complete

a task [Parsons and Haden (2006)]. In restricting the solution space (compared to a free-
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response text/code box), these problems allow students to focus on and reason about code

structure and syntax, presenting a problem that can help transition students from conceptual

understanding to implementation [Ericson et al. (2022)]. An example can be seen in the

bottom-right corner of Figure 5.3. This method has been explored thoroughly in introductory

[Ericson et al. (2022)] and intermediate courses [Caraco et al. (2025)], and the idea has been

extended to proof-writing as well [Poulsen et al. (2022); van den Berg et al. (2024)]. Prior

work has shown that practice with Parsons problems is significantly more engaging and

efficient while remaining equally effective for learning [Ericson et al. (2018); Haynes and

Ericson (2021)], even when adapted to the proof-writing context [Poulsen et al. (2023)].

In this work, we implement Parsons Problems to allow students to reason about how the

code from the various design steps can piece together to create a coherent and functional

algorithm.

However, each design step must first be converted to code before the code blocks can

be rearranged in a final algorithm. To scaffold this process as well, we use Micro Parsons

Problems, a recent extension of Parsons Problems in which the blocks come together to form

a single line of code [Wu and Smith (2024); Wu et al. (2023)]. This smaller scale allows us to

scaffold the implementation of individual lines of code for students, as seen in the bottom-left

corner of Figure 5.3. On the other hand, these problems still have a larger sample space than

a multiple choice question, providing more flexibility in the level of scaffolding provided to

students.

5.3 Methods

5.3.1 Study Population and Recruitment

Participants were recruited for this IRB-approved intervention from four algorithms course

offerings at two institutions in the United States (See Table 5.1). In each course instance,
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the study occurred in the few days following the final DP lecture, so students were expected

to be novices. Students were recruited through course forums and were told that the study

would involve solving practice problems that could help with the transition from lecture to

homework. Students who completed the intervention were compensated with either extra

course credit or $30, pursuant to institutional IRBs. Course sizes varied by institution and

term. Per our IRB, participant demographic data was not collected.

Table 5.1: Each row represents a unique course offering.

Institution Population Quarter Participants

Public R1 UG/MS Winter 2026 8

Private R1
MS Winter 2026 29
UG Winter 2026 21
UG Spring 2026 8

5.3.2 Intervention Design

Intervention Overview

The intervention lasted approximately 2 hours, split into two sections: a 75-minute practice

problem session and a 50-minute knowledge check. Sessions were implemented on the on-

line assessment platform PrairieLearn [West et al. (2015)], and students in the intervention

worked independently through the website. A researcher was present to monitor students

and answer clarification questions but did not provide guidance. Students who finished the

practice problems early were free to proceed to the knowledge check. All students were asked

the same problems, but the practice problems’ scaffolding varied by experimental condition.

Conditions were assigned at random, stratified by course.

Five problems were asked across the intervention, selected from textbooks (#6.1 [Das-

gupta et al. (2006)], #3.1 [Erickson (2019)]), prior work (Coin Row : Chapter 3, [Danielsiek

et al. (2012); Zehra et al. (2018); Shindler et al. (2022)]), and online ([GeeksforGeeks (2025a,
75



2026b)]). All problems were checked with instructors to ensure appropriate difficulty and to

avoid overlap with coursework.

Practice Problems (by Condition)

The practice problem section consisted of three DP algorithm design problems. Participants

were permitted to reference course materials during this section to mimic a normal practice

environment, and were provided with the list of design process steps. The experimental

conditions varied in the scaffolding provided. See Figure 5.2 for an overview. All five problem

statements can be found in Appendix A.1.

Figure 5.2: A visualization of the intervention. The D+I condition provides both design and
implementation scaffolding through a variety of problem types, fading scaffolding between
problems as well. See examples of each problem type in Figure 5.3.

In the Control (C) condition, participants were given the problem statement and a free-

response question (FRQ) asking them to implement the algorithm (Figure 5.3a), mimicking

traditional homework. After each problem, participants were shown a detailed solution,

including a walkthrough of the proper decision for each design step and pseudocode with

annotations referencing the steps.

In the Design (D) condition, the design process steps were scaffolded by multiple

choice questions (MC), each one asking for the correct decision for one step (Figure 5.3b).
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(a) Free-Response Box (FRQ). Unscaffolded. (b) Multiple Choice (MC) Question. Design
Scaffolding.

(c) Micro Parsons Problem (MPP). Design + Im-
plementation Scaffolding.

(d) Parsons Problem (PP). Implementation Scaf-
folding.

Figure 5.3: Examples of the four problem formats participants could encounter during the
session. Alongside what is shown here, participants could also see the problem statement
and a list of the design steps in order.
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Distractor answers were written following established misconceptions and instructional ex-

perience. The platform provided feedback on their selection. After answering an MC for

each of the steps, the participant was directed to the FRQ for implementation. These FRQ

answers received no feedback, but participants were shown a detailed solution.

In the Design+Implementation (D+I) condition, both design and implementation

were scaffolded. Because each design process step corresponds to a single line of code,

Micro Parsons Problems (MPP) were used to scaffold the design and implementation of each

step (Figure 5.3c), and Parsons Problems (PP) scaffolded the final implementation (Figure

5.3d). These problems were automatically graded, and participants saw the detailed solution

afterwards.

Because the D+I condition contained multiple problem formats, it followed best practices

by fading scaffolding between problems. In P1, participants answered an MC for each design

step along with an MPP to implement that design step as code. For P2/3, participants were

only asked the MPPs for each step, scaffolding both the design and implementation at once

but with a wider solution space and thus less scaffolding. Furthermore, in P1/2 the final

implementation was scaffolded as a PP, but in P3 this was faded and participants were given

the same FRQ as the other conditions.

Knowledge Check

The Knowledge Check (KC) section was the same across all conditions and consisted of three

tasks. First, participants were asked to do a Steps Recall: “List, in your own words, the

steps that should be taken to design a Dynamic Programming algorithm.” Afterwards, par-

ticipants answered two DP algorithm design questions. The first began with MC scaffolding

for the first two design steps before participants implemented the entire algorithm in an FRQ

box. In the second, participants were provided no scaffolding. This variation in scaffolding

allowed us to get a more holistic measure of student understanding, particularly for students
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who would have struggled with an unscaffolded P1.

5.3.3 Data Collection

As students work through the intervention, the facilitation platform collected data on their

progress. Specifically, in the Practice Problems and Knowledge Check sections, each

question students are asked in the section, data was collected on what the student submitted

and the time it took to make the submission.

5.3.4 Data Analysis

In this subsection, we describe how data was processed and which tests were run. Due to

the somewhat small sample size, we only run statistical tests for our core research questions.

All FRQ responses were coded by two PhD candidates in CS Education, and disagreements

were resolved through discussion.

Steps Recall

For the Steps Recall task, responses were evaluated for any added or omitted steps. Steps

did not need to be an exact wording match (e.g. “Decide the order of solving the subproblems”

was accepted for Step 3: Iteration Order). For responses that added or reordered steps,

coders used their own judgment for validity. For example, it was valid to list Step 4: Base

Case before Step 3: Iteration Order as these do not block each other, but it was invalid to list

Step 2: Recurrence before Step 1: Subproblem because the recurrence depends directly on

the subproblem. Substantial inter-rater reliability was reached (Cohen’s κ = 0.87) [Landis

and Koch (1977)].

To perform data analysis, responses were mapped to a binary Success variable, where

responses that omit one of our steps or list steps in an invalid order were unsuccessful and

the rest were successful. Given the binary variables and somewhat small sample size per
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condition, we run Fisher exact tests between each pair of conditions and report Benjamini-

Hochberg-adjusted p-values to account for multiple comparisons [Benjamini and Hochberg

(1995)].

Free Response Grading

Free-response algorithm design questions were graded out of 15 points, coded deductively

using two guiding principles: (1) evaluate the algorithm’s design and implementation in-

dependently to best measure the different conditions’ effects and (2) mimic a reasonable

algorithm course’s grading rubric. Below is an overview of the rubric: the full codebook,

with full descriptions and examples, can be found in Appendix A.2.

Design: Design was graded out of 10 points, split unevenly between the five steps. Steps

3-5 were each worth two points, with a Progress (1 pt) tag given for responses that made

clear progress towards the correct answer. Each step had an explicit criterion (e.g., for Base

Case, Progress required at least one correct base case index).

Recurrences (Step 2) are the most difficult design step [Danielsiek et al. (2012); En-

ström and Kann (2017); Shindler et al. (2022); Zehra et al. (2018); Erickson (2019)], so this

step was worth 3 points, with Minor Progress (1 point) for any response naming a recur-

rence that uses prior subproblems to compute a new one, and Major Progress (2 points) for

responses that would work in some cases but not all.

Subproblem (Step 1) selection is a crucial step of the DP design process, but this

selection does not need to explicitly appear in an implementation. As such, only around

half of the responses describe their selection as a comment, mirroring the provided practice

solutions. A stated and correct subproblem earned 1 point.

Implementation: Implementation was graded out of 5 points, coded deductively for

the structure of the pseudocode regardless of design step outcomes. An overview of the

codebook is given below.
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Table 5.2: Implementation Codebook

Tag Description Score

Iterative: ✓
Solution is iterative. The only issues with the code are with
the design steps. 5

Top-Down: ✓

Solution performs memoized recursion. This is a valid DP
implementation method, but is not taught in the courses of
our participants.

5

Minor Issue: ∼ Solution is iterative and contains minor formatting issues, like
bad indents or referencing uninitialized arrays. 4

Recursive: ∼ Solution is fully recursive, without memoization. Technically
correct, but may be very inefficient. 3

Mixed: ∼
Some parts of the solution follow a standard iterative imple-
mentation, and other parts are recursive. Example given in
text.

2

Other: ✗
Solution is incorrect, beyond mixing iterative and recursive
strategies. Often, it is not DP at all. 0

None: ✗ No structure provided. 0

The Mixed code refers to responses that had properties of both iterative and recursive

implementations, resulting in a self-contradicting algorithm. For example, one submission

included:

for i=1 to v:

return canMake(i-1) or canMake(i-2)

The first line gives an iterative structure, but the second follows a recursive one. Given that

these students are expected to be proficient coders, this is likely an artifact of an incomplete

understanding how to implement a DP algorithm rather than a control flow error.

To conduct statistical tests, we sum students’ performance on both KC problems for

a total score out of 30. Total scores had “excellent” intraclass correlation between raters

(ICC(2, 1)=0.966) [Cicchetti (1994)]. Individually, each rubric item reached “substantial”

inter-rater reliability (quadratic weighted Cohen’s κ between 0.761-0.954) [Landis and Koch

(1977)]. We run pairwise Mann-Whitney U tests and report Benjamini-Hochberg-adjusted

p-values along with Cliff’s δ for effect size [Meissel and Yao (2024)].
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5.4 Results

5.4.1 RQ1: Steps Recall

At the start of the knowledge check, participants were asked to recall the design process

steps. Figure 5.4 depicts the accuracy of students in each condition; around half of students

in both scaffolded conditions were successful in this task (D : 68%, D+I : 48%) compared

to only 29% of the Control participants. Fisher exact tests were run, finding a statistically

significant difference between the C and D conditions (padj = 0.030) but not between C and

D+I (padj = 0.277) or between D and D+I (padj = 0.277).

Figure 5.4: Outcome of the Steps Recall question, with success percentage displayed. Success
rates of Control and Design conditions are significantly different, padj = 0.030.

In Figure 5.5, we provide a summary of the steps that participants omitted, grouped by

condition. We see that the most commonly omitted step across all conditions was Iteration

Order (C: 57%, D: 18%, D+I: 39%). The next highest was Return Value (C: 33%, D: 9%,

D+I: 9%).
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Figure 5.5: Steps Omitted during Recall, split by Condition. Iteration Order is the most-
omitted step in all conditions.

5.4.2 RQ2: Knowledge Check Performance

RQ2a: Total Performance

Each of the two DP questions in the Knowledge Check (KC) was graded on the 15-point

scale (see Section 5.3.4). For KC P1, the Subproblem and Recurrence were scaffolded by MC

questions, so points were awarded based on correctness on those questions rather than in

the FRQ. As shown in Figure 5.6, both scaffolded conditions average around 7 points higher

than the C condition, with gaps in both P1 and P2.

Mann-Whitney U tests were run between each pair of conditions, finding significant

differences with medium-to-large effect sizes [Meissel and Yao (2024)] between C and D

(U = 114.5, δ = −0.504, padj = 0.014) and C and D+I (U = 136.5, δ = −0.435, padj =

0.027), but not between D and D+I (U = 281.0, δ = 0.111, padj = 0.597).
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Figure 5.6: Total Knowledge Check Performance by Condition, with per-question averages
shown on the right. Each dot represents an individual participant. Control distribution
significantly differs from each scaffolded condition, p<0.05.

RQ2b: Design-Specific Results

Though every step of the design process is necessary, not all of them are equally difficult.

Figure 5.7 shows performance in the Knowledge Check broken down by step. Though the

steps have different averages, the by-condition hierarchy is consistent across steps and prob-

lems: participants in the C condition perform the worst in every step, whereas D and D+I

have similar performance, trading off which condition did better by step.

RQ2c: Implementation-Specific Results

Figure 5.8 shows implementation results split by condition and problem. Outcomes are split

into three groups mirroring Correct/Progress/Incorrect, denoted by a symbol and split by
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Figure 5.7: Per-Step Design-Level Results from Knowledge Check Problem 2, with Correct
Percentage Shown. See Section 5.3.4 for rubric details. In all steps, we see that Control
performs the worst.

thick lines within each bar.

Participants in the Control condition struggled with implementation compared to the

scaffolded conditions: correctness percentages are much lower, and they also make a wider

range of implementation errors, with more Recursive: ∼ and Other: ✗ tags in every problem.

On the other hand, participants in the D+I condition do not perform any better on imple-

mentation than those in the D condition, despite receiving implementation-level scaffolding.
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Figure 5.8: Percentage of students achieving each level of implementation performance, split
by problem and then by condition. See Table 5.2 for rubric details. C performs the worst
on every problem and consistently has a wider variety of errors. The other two conditions
are comparable despite D+I receiving implementation-level scaffolding.

5.4.3 RQ3: Condition vs. Practice Time

Total Practice Time

Prior work asserts that Parsons-like problems reduce practice time while producing equivalent

learning [Ericson et al. (2022)]. See Figure 5.9 for the total practice time breakdown, split by

condition and task. The total practice times do not differ significantly, by a Kruskal-Wallis

test: χ2(df = 2) = 0.84, p = 0.657. In P3, Control participants perform the fastest, but they

also perform much worse on implementation (C :14% correct, D :77%, D+I :74%; see Figure

5.8), so their time on task may not reflect time to complete the problem.

Time Breakdown by Task

Figure 5.9 also reveals that the implementation scaffolding does not seem to provide a sub-

stantial practice time benefit. On one hand, the Parsons problem (PP) is much faster than

the FRQ for the implementation task, especially in P1 where Design participants took an

average 7.75 minutes to complete the implementation compared to 1.30 minutes for the PP.

However, because participants are also asked to first implement the design steps through

MPPs, the difference vanishes to less than a minute in P1 and P2.

Another clear effect of the conditions on practice time can be seen in the amount of
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Figure 5.9: Average Time Spent on Different Parts of Practice Problems. We find no signif-
icant differences in time spent.

time students spend reading the provided solutions. As shown in Figure 5.10 below, the

distribution of practice time spent reading the solution varies between conditions.

Across the practice session, Control participants average four minutes of practice time

reading the solutions, as opposed to 2.31 minutes for Design and 1.42 minutes for D+I.

These outcomes align with expectations, as participants who received the most scaffolding

will have the least new information in the solutions. That said, it is visually clear that the

difference is only distributional. For example, in Practice P3, all three medians are within

10 seconds of each other, but the IQR for Control is 114.7 seconds while the IQR for Design

28.9 seconds. We conclude that many students are breezing past the solution without much

engagement, but students in the Control condition were more likely to take more time on

them.

In Appendix A.3, we conduct exploratory analysis on the extent to which the measure-

ments and findings in this section relate to performance.
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Figure 5.10: Average Time Spent Reading the Provided Solutions to Practice Problems.
Distributions vary widely by condition.

5.5 Discussion

5.5.1 The Value of Design Scaffolding

Our results provide a clear demonstration that design process scaffolding is beneficial for stu-

dent learning. Participants in scaffolded conditions recall the design steps significantly better

(RQ1), which can provide long-term metacognitive benefits as they continue to learn and

practice DP problems [Loksa et al. (2016); Prather et al. (2019)]). Participants in scaffolded

conditions also applied the steps more successfully (RQ2) in every design, implementation,

and total metric. In addition, when Control participants had the subproblem and recurrence

scaffolded (KC P1), 73% of them gave an implementation that was either iterative or had a

minor issue, much higher than on all other problems. Providing steps-level scaffolding with

feedback significantly improves student engagement with the steps and student learning.

5.5.2 The Value of Implementation Scaffolding

Implementation-level scaffolding was introduced as a condition in response to implemen-

tation barriers reported by prior work. However, our data does not show a benefit from
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implementation-level scaffolding beyond that of design-level scaffolding. In fact, 73% of

D condition participants were already successful implementing in Practice P1, and by the

knowledge check there was no consistent difference in implementation between the two scaf-

folded conditions. In Practice P3, where both conditions have all design steps scaffolded,

the successful implementation rate was nearly identical.

One major benefit of Parsons problems from prior work is that they take less time for

students to complete, but not in our study. The Parsons problem itself takes less time

than the FRQ for implementation, but the added time for the design steps and line-by-line

implementation (MPPs) produces roughly equivalent total times.

However, the gap in implementation success between C participants and the scaffolded

conditions demonstrates that the task is not inherently easy, as corroborated by prior

misconception-finding work. Instead, our results suggest that it may be tractable enough for

students who successfully complete the design steps that implementation-level scaffolding

provides little marginal benefit.

Across all RQs, we also find many results where participants in the D+I condition perform

worse than Design: participants in the D+I condition have a worse steps recall success rate

(RQ1), lower knowledge check performance (RQ2), and higher total practice time (RQ3).

Though none of these results are statistically significant, their consistency may hint at the

potential for over-scaffolding. If implementation is an approachable task once the design

process is scaffolded, then providing the Parsons Problem instead of an FRQ may only

result in participants decreasing the depth with which they engage with the material (and

the steps).

5.6 Limitations

FRQs can only indirectly measure step-wise ability for a couple of reasons: it creates potential

dependencies between steps (e.g., a student who is unable to select a subproblem will likely
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not write any return values) and does not require an explicit subproblem definition (as

described in Section 5.3.4). Measuring steps independently would require us to prompt

students to solve each step separately, which would have created more scaffolding. As such,

the presented step-based results are not a direct reflection of step-wise ability, though the

comparisons between conditions are still valid.

Similarly, the ability to recall the process steps is a short-term and indirect measure of

metacognitive strategy adoption. Future work could use longer time scales to measure more

lasting effects of this scaffolding on student metacognition.

The scaffolded conditions provided more immediate feedback during practice, which con-

founds the mechanism by which participants improved. On the other hand, the control

condition should not be taken to be business-as-usual, but instead best practices with lim-

ited support for the process steps. In particular, traditional practice (e.g. homework) may

not give students solutions to reference after each problem, nor would it list process steps

at all, so performance in the control condition may be higher than otherwise. Both of these

limitations may change some of the results’ mechanisms but do no change the implications

of the findings.

Finally, problem selection, rubric design, sampling bias, and coder bias may all impact

results, though we hope that the randomized and controlled structure mitigates some of

these effects.

5.7 Conclusion

While introducing generic process steps has proven to help novices navigate complex problem-

solving, practical considerations around the extent to which they need to be scaffolded for

students has not previously been explored. In this work, we bolster prior findings that the

mere introduction of these steps may not suffice for student adoption, but that scaffolded

guidance along these steps leads to significant increases in student ability to both recall the
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steps and use them, reflecting short-term and potentially longer-term metacognitive benefits

to this scaffolding. Our results also suggest that students who can successfully work through

the design steps are able to succeed at the implementation step on their own, implying that

implementation-level scaffolding seems to provide minimal marginal gains. As a whole, our

work reinforces the idea that metacognitive instruction is valuable but must be coupled with

sufficient scaffolding to allow for proper student adoption.
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CHAPTER 6

CONCLUSION

Algorithm design is one of the most broadly applicable skills in computer science: it allows us

to utilize the inherent structure of data to develop efficient solutions to all kinds of real-world

computational problems. However, in order to realize this value, students must learn to rea-

son beyond lecture content and develop more broadly applicable problem-solving strategies.

The explicit instruction of metacognitive strategies is a potent and well-established pedagog-

ical approach that instructors and researchers should leverage to promote the development

of these strategies.

In this work, we construct a foundation upon which we hope the development of these

pedagogical strategies will continue. We talked to algorithms students, finding not only that

students are only partially developing these strategies independently in classes but also that

these partial understandings can hinder their progress in solving problems. We also found

that the existing literature, while sparse, corroborates the claim that students’ are learning

course content but not necessarily transferrable problem-solving skills. We added a short

metacognitive task to algorithms exams, finding strong evidence that metacognitive reason-

ing is closely tied with algorithm design ability, reinforcing the potency of this approach.

Finally, we took a first step towards intervention design, finding that proper scaffolding

alongside explicit metacognitive instruction is crucial for adoption and for learning, though

there is a potential risk of overscaffolding.

At a broader level, we hope this work serves as a starting point for the evolution of

algorithms pedagogy. We hope that algorithms classes and instructors will be equipped with

pedagogical practices that more effectively foster students’ metacognitive strategies, and

that this leads not only to more equitable classrooms but also to students better-equipped

to apply their learnings to the real-world problems they will face.
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APPENDIX A

CHAPTER 5 SUPPLEMENTARY MATERIAL

A.1 Problem Statements

Table A.1: Chapter 5 Practice Questions. All students were presented the same three
questions, but they were scaffolded differently. Students had around 75 minutes to complete
these questions.

Problem
Title and
Source

Problem Statement

Practice P1:
Frog Jump
[Geeks-
forGeeks
(2025a)]

A frog is trying to use a sequence of n stones to jump across a river.
The frog is starting at stone 0 and wants to end at stone n − 1. The
stones have heights h0, h1, . . . , hn−1. At each stone i, the frog may
only jump to either stone i+ 1 or stone i+ 2. If the frog jumps from
stone i to stone j, the cost is (hi − hj)

2.
Design a Dynamic Programming algorithm that takes as input an array
H of positive integers, where H[i] = hi, and outputs the cost of the
minimum cost sequence that gets from stone 0 to stone n, as described
by the problem.

Practice P2:
Coin Row
[Zehra et al.
(2018), Chap-
ter 3]

Suppose you are given n coins in a row whose values are positive in-
tegers c0, ..., cn−1. You may pick up coins from this row, but you can
not pick up two adjacent coins.
Design a Dynamic Programming algorithm that takes as input an ar-
ray C of positive integers denoting coin values, where C[i] = ci, and
outputs the maximum sum of values, following the rules described by
the problem.

Practice
P3: Make
Change
[Dasgupta
et al. (2006)
#6.1]

Given a list of denomination of coins with unlimited supplies C =
{c1, c2, ...cn}, where each ci denotes one denomination, we wish to make
change for a value v; that is, we wish to find a combination of C whose
values add up to exactly v. Design a Dynamic Programming algorithm
that takes as input an array C of positive integers and a target sum v,
and outputs whether (True or False) you can make change of v using
only coins from C (repetitions allowed).
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Table A.2: Chapter 5 Knowledge Check Questions. All students were presented the exact
same questions. Students had around 50 minutes to complete these questions.

Problem
Title and
Source

Problem Statement

KC P1:
Contiguous
Sum [Er-
ickson (2019)
#3.1]

A contiguous subsequence of a list S = s1, s2, ..., sn is a subsequence made
up of consecutive elements of S. For instance, if S is

5, 15,−30, 10,−5, 40, 10,

then 15,−30, 10 is a contiguous subsequence but 5, 15, 40 is not. Subse-
quences can be of length 1, but not of length 0. Design a Dynamic Program-
ming algorithm that takes as input an array S = s1, s2, ..., sn of integers and
outputs the largest contiguous sum.

KC P2:
Travel Plan
[Geeks-
forGeeks
(2026b)]

You are planning a road trip to visit all of your friends, but you don’t have
a car! Thankfully, your friends are willing to drive you around. You have n
friends, labeled 0 to n − 1 in the order that you plan to visit them in. For
each friend i, denote by di the maximum number of stops they are willing
to drive you, where di is a positive integer. For example, if d2 = 4, that
means you can ask friend 2 to drive you for any number of stops up to
friend 6. Design a Dynamic Programming algorithm that takes as input an
array D = d0, d1, ..., dn−1 of positive integers and outputs the least number
of drivers needed, as described by the problem above.

A.2 Free-Response Evaluation Codebook

In this section, we present our full free-response evaluation codebooks. These codebooks

were developed deductively, with all authors providing input. As described in Sections 5.3.4

and 5.3.4, each rubric item reached “substantial” inter-rater reliability, and overall scores also

had ”excellent” intraclass correlation.

A.3 Exploratory Results: Practice Time vs. Performance

In this section, we present further investigation into the relationship between practice time

and performance, aiming to understand and explain the differences (and lack thereof) be-

tween the practice time of participants in different conditions found in Section 5.4.3. Our
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Table A.3: Design Step Codebooks, Steps 1 and 2

Code Description Example Pts.

Subproblem

Explicitly
stated,
correct

Explicitly states a subproblem
definition that is correct. This
will typically be in a comment.

Initialize
Cost is a list where each Cost[i] is the mini-
mum cost to get to the ith stone.

1

Unstated No subproblem definition is
given.

for i from 2 to n-1:
sum[i] = max(c_i + sum[i-2], sum[i-1]) 0

Explicitly
stated,
incorrect

Explicitly gives a subproblem
definition that does not work
for this problem.

The subproblem strcuture that made the
most sense to me was the knap-sack style
subproblem structure, which compares items
and weights to try and produce a minimal
sum with the most number of objects. [Au-
thor’s Note: This was P1: Frog Jump.]

0

Recurrence

Correct
Gives a recurrence that is cor-
rect. Off-by-one issues involv-
ing indexing are acceptable.

Practice P2:
cost[i] = max(cost[i-1], cost[i-2] + C[n-i] 3

Major
Progress

Writes a recurrence that would
work in some cases, or makes
minor logical issue.

Practice P3:
CanMake[i] ˆ= CanMake[i - c_j]
[Author’s Note: Used ˆ= (XOR) instead of
|= (OR).]

2

Minor
Progress

Writes something that uses
prior subproblems to compute
a new one

KC P2:
for i = 1 ... n-1

ask = MinAsk[i-1] + 1, not_ask =
MinAsk[i-1]

MinAsk[i] = min(ask, not_ask)

1

Incorrect

Does not write a recurrence of
any kind. Could be comput-
ing subproblems without using
prior ones.

KC P2:
for i=1 to len(D):

M[i] = max()
0

hypothesis was that students in the Control condition would take the longest to complete

the practice sessions.

In our analysis, we find that Control participants are performing worse in the knowledge

check, but seem to spend the same amount of time in practice as the other conditions. One

hypothesized explanation for the lack of practice time difference is that participants in the
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Table A.4: Design Step Codebooks, Steps 3-5. Note that the three codebooks are identical
except for the Progress condition.

Code Description Pts.

Correct Implementation uses the correct [Step]. 2

Progress

Step 3 – Iteration Order: Says to iterate (either in English or intro-
duces a loop), but does not give an order or gives an incorrect one. 1
Step 4 – Base Case: Names at least one correct base case to be com-
puted, but does not correctly compute every necessary base case.

Step 5 – Return Value: Returns something in all cases. It is not
enough to simply return something for base cases.

Missing Does not describe [step], or provides something that does not meet the
threshold for Progress. 0

Control conditions who perform poorly are spending less time on each problem, and simply

giving up. In Figure A.1, we plot participants’ practice time against their knowledge check

performance.

Figure A.1: Ordinary Least Squares Regressions between Practice Time and Knowledge
Check Performance. The scaffolded conditions have a somewhat negative correlation, but
the Control does not.

Contrary to the proposed explanation, in the Control condition we find no correlation

between practice time and performance. Instead, we find the opposite correlation among the

scaffolded conditions: we find negative correlations between practice time and knowledge

check performance. This may imply that the scaffolding may function instead as a filter for

students: students who understand the material will move through the scaffolded version
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more quickly than the unscaffolded version, whereas students with less understanding of the

material may spend more time working through the scaffolded problems. In our mind, this

negative correlation is a good outcome: students with stronger understanding should be able

to spend less time practicing, whereas students with weaker understanding are doing longer,

more deliberate practice.

In Section 5.4.3, we found that Control participants had a much wider distribution in

the amount of time they spent reading the provided solutions. Our natural question was

whether solution-reading time correlated with performance on the problem – was the longer

solution-reading time a result of students self-identifying that they were struggling with the

material? In Figure A.2, we display the correlation between Control students’ total score on

practice problems and their corresponding solution review time for the problem.

Figure A.2: Ordinary Least Squares Regressions between Practice Problem Performance and
Solution Reading Time for Control Participants. No significant correlation is found.

Again, we find no correlation – though students in the Control condition are viewing

the solutions for longer than other conditions, practice performance does not predict their

solution view time at all.
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