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Abstract

Learning can be conceptualized as change in long-term memory, but this change is medi-

ated by the concepts, strategies, and values learners bring into the classroom. This thesis

describes an ontology of the prior knowledge novice programmers enter introductory com-

puting courses with and how such knowledge mediates their programming practice. To gen-

erate this ontology, I conducted 1:1 clinical interviews with 6 novice programmers recruited

from introductory programming courses at Middle Tennessee State University. During the

interviews, I presented novices with a series of programming problems and asked them to

think aloud as they reasoned about them. I found that novice programmers entered their

programming courses with manifold conceptions of the assignment operator and concep-

tual resources about knowledge of programs. This thesis clarifies the difficulties novices

have when learning to program, contributes a computing-specific description of novices’

knowledge, and provides groundwork on which future design-based research may be con-

ducted.
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CHAPTER I: Introduction

Our society exists in computing. Our work, learning, communication, and play is mediated

by computation, and the rate at which computing is reshaping these activities is increasing.

Further, computing lies at the center of immediate and future controversies, such as applied

artificial intelligence, automation of work, social and filter bubbles through social media

algorithms, and rampant data collection (Ko et al., 2020). Respectively, these trends have

led to renewed interest to teach computing to cultivate a technologically literate workforce

(Noonan, 2017; U.S. Department of Labor, 2007) and to a citizenry capable of reasoning

and making decisions about computational phenomena (Blikstein & Moghadam, 2019).

These populations need, at least, conversational fluency in how computational technologies

are designed, implemented, and evaluated. That is, everyone should, at least, know how to

program.

Although everyone should be fluent in programming, learning to program appears

difficult. Computing educators have repeatedly observed students rarely leave Computer

Science 1 (CS1) with the design and problem-solving skills necessary for programming

(Robins et al., 2003). Similarly, across a multinational, multi-institutional assessment, Mc-

Cracken et al. (2001) found most post-CS1 students were unable to solve ostensibly skill-

appropriate programming problems, and many did not know how to begin formulating a

solution for programming problems. So great is the difficulty some instructors have sought

a “programming gene” or assessments determining whether prospective programmers are

“worth” teaching (Dehnadi & Bornat, 2006; McCartney et al., 2017; Vivian et al., 2014).

Further, though pass-fail rates are not alarmingly low (Bennedsen & Caspersen, 2007; Wat-

son & Li, 2014), these observations suggest a need for significant improvement if CS1 is

to leave students able to apply the knowledge we hope to impart to them.
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Of course, learning to program is complex. The concepts required to “know” a partic-

ular programming language are precisely defined, demanding learners attain a dense, self-

referential set of concepts to understand even the simplest programs (Robins, 2010). Sim-

ilarly, the task of programming requires learning the orthogonal skills of reading and writ-

ing individual program statements and generic, self-contained program plans or schemata

(Xie et al., 2019). Fluidity in problem-solving with programs not only depends on learn-

ers’ development of such generic programming schemata (Sweller, 1988), but additionally

requires declarative knowledge, strategies, and models for designing programs, addition-

ally demanding fluency in program syntax, program semantics, and the problem domain

(Robins et al., 2003). Debugging programs also requires troubleshooting strategies, sum-

mative code comprehension, and hypothesis generation (McCauley et al., 2008). Finally,

the task of learning these components is mediated by barriers potentially imposed by the

computing environment (Ko et al., 2004), and achieving general fluency in programming

requires integrative skills for orchestrating and composing such components into a coherent

practice (Huang et al., 2024).

However, complexity does not mean learning to program has to be difficult. Luxton-

Reilly (2016) has suggested that instructors simply expect students to learn more than they

reasonably can in an introductory course, as most students reach CS1 learning goals by the

end of the subsequent course in the learning sequence, CS2. Rather, if instructors’ learning

goals are to be feasible for novices, instructors shouldmeet novices where they are. At scale,

aligning curricula with novices’ extant knowledge will require definitional work: Pears et

al. (2007) observed no single consensus for “learning to program” in the CE literature,

instead seeing broad goals of learning a programming language, attaining problem-solving

skills, or knowing how to design software systems emerging from it. In parallel, aligning

curricula demands describing what novices know and how they apply their knowledge to

programming, as such a description would ground assumptions for what can and cannot be

taught within a course.

2



Part of knowing where novices are is examining how are their knowledge differs from

experts’. Computing education researchers have described a litany ofmisconceptions novices

appear to develop or bring into CS (Qian & Lehman, 2017). For example, Pea (1986) ob-

served novices believe the computer continually evaluates 2 or more lines of code in parallel

when it really evaluates code sequentially, 1 line at a time. However, while indexing such

misconceptions enables CS instructors to identify, prevent, and correct them (Lewis et al.,

2019), focusing on only novices’misconceptions neglects ways in which their prior knowl-

edge may be productive for programming or constructive for expertise (Danielak, 2019).

In fact, continuity in form and function between novice and expert knowledge is a central

tenant of constructivist theories of learning, requiring analysis of novices’ knowledge and

development (Smith III et al., 1994).

Further, most applications of learning theory in computing education research are shal-

low (Szabo & Sheard, 2022). Not only does this suggest opportunity for future work, it is

reflected in the community’s haphazard use of the term “misconception”, such as in refer-

ence to errors in reasoning, episodic mistakes, syntax or semantic errors, or, as properly de-

fined, deeply rooted conceptions misaligned with computing canon (e.g., du Boulay, 1986;

Oliveira et al., 2023; Pea, 1986; Qian & Lehman, 2017). Moreover, in merely indexing

such mistakes without significant connection to learning theory, misconceptions-focused

work deprives the computing education research community of the model-based theories

required of the field as an engineering, technological, and social science (Tedre & Pajunen,

2022). Similarly, though indices of novices’ mistakes suggests some topics are more diffi-

cult than others, disconnect from theory prevents such work from being actionable for the

design and analysis of novel learning environments (Nelson & Ko, 2018).

To better understand student conceptions, computing educators need an account of

novices’ prior knowledge — from within or without the discipline of computing — as they

enter the classroom and how they apply such knowledge in their programming practice.

Here, knowledge includes knowledge of what is and of how to do something, explanations
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for how phenomena occur, and conceptions of a discipline. Practice includes programmers’

actual behavior when engaged in the discipline of programming, such as how they design,

implement, and verify programs or software systems. Armedwith accounts of novices’prior

knowledge and practice, the computing education community may begin to investigate how

novices’ resources may support expert-level programming practice.

1.1 Research Questions

A theory of novice programmers’ conceptual resources stands to benefit from prior work.

Drawing from contemporary literature, Robins et al. (2003) summarized the relationships

between novices’ knowledge and the constituent tasks of programming in Table 1.1. The

framework suggests programming is not a unitary activity but instead composed of three

distinct tasks: designing an algorithm to solve a problem, generating syntax-complaint code

to solve the problem, and evaluating the program to determine its correctness. Novices

may bring different knowledge, strategies, and models to bear at each phase. Under this

framework, novices’ conceptual resources may be initially understood as the knowledge,

strategies, and models they bring into classrooms and their practice as program design,

generation, and evaluation.

Building off of the proposed framework, this thesis describes a novel ontology of

novice programmers’ knowledge relevant to program design, generation, and evaluation

and how novices use this knowledge in similar problem contexts. In particular, I answer

the following research questions:

RQ1 At Middle Tennessee State University, what knowledge, strategies, and models do

novice programmers possess at the start of CS1?

RQ2 Of the identified knowledge, strategies, and models, how do novice programmers use

them when designing, generating, and evaluating Python or C++ programs?

4



Knowledge Strategies Models

Design of planning methods,

algorithm design, for-

mal methods

for planning, problem

solving, designing al-

gorithms

of problem domain,

notional machine

Generation of language, libraries,

environment / tools

for implementing al-

gorithms, coding, ac-

cessing knowledge

of desired program

Evaluation of debugging tools and

methods

for testing, debugging,

tracking / tracing, re-

pair

of actual program

Table 1.1: A programming framework summarizing the relationships between the knowl-

edge, strategies, and models demanded in the programming phases of design, generation,

and evaluation. In general, distinctions between knowledge kinds and programming activ-

ities are fuzzy (Robins et al., 2003).

Resultantly, this thesis contributes a knowledge analytic framework through which to un-

derstand novices’ programming behavior and suggestions for how novices’ knowledge sup-

ports expert-level programming practice. Through this framework, computing education

instructors may better locate novices in their learning trajectories and identify proficiencies

to capitalize on and effect positive learning outcomes.
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CHAPTER II: Literature Review

This chapter outlines the background of this thesis and related work. Summarily, I de-

scribe computing education researchers’ description of novice programmers’ misconcep-

tions, ways in which this work has and does not serve the computing education community,

and its relation to science and mathematics education.

2.1 Novice Conceptions

Mature disciplines have a canon of knowledge. Biologists, chemists, and mathematicians

see, think, and talk about phenomena in ways accepted by their respective communities. Ed-

ucational institutions transmit disciplines’ canonical knowledge through instruction to nur-

ture new disciplinary experts, but learners carry or develop alternative conceptions through

their life experiences. For example, when asked what forces act on a ball at the apex of

a toss, a physics student may answer that two forces act: the impetus delivered by the

tosser’s hand and gravity. In contrast, the physicist answers that only one force acts: grav-

ity (diSessa, 2006). With respect to physics canon, the student is wrong. In particular, the

student has amisconception of force, one liable to produce incorrect explanations or support

additional misconceptions. For learning, misconceptions can represent barriers to learning

new content, such as when the misconception contradicts new information, or barriers to

effective practice. As barriers to practice, misconceptions inhibit learning new strategies for

engaging in a discipline and afford opportunities for failure— potentially raising additional,

affective barriers to learning.

Computing education researchers have described a litany of misconceptions that novice

programmers develop while learning to program (Qian & Lehman, 2017). Much of this

work attributes misconceptions to novices’ natural language knowledge and expectations.

L. A. Miller (1974), for example, reported novices confused the Boolean operator and for
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the operator or, speculating that novices mistakenly projected their semantics from every-

day procedure specification. Similarly, du Boulay (1986) reported novices readily attribute

real-world semantics to English keywords like then, and, or repeat, leading to misin-

terpretations of program semantics. Bonar and Soloway (1985) have claimed such nat-

ural language knowledge to be a significant source of misconceptions, arguing that such

misconceptions emerge as novices “patch” their programming knowledge with everyday

knowledge of procedure specification.

Other work has speculated natural language knowledge interferes with learning to pro-

gram in subtler ways. Pea (1986) argued that novices infer a set of programming language-

independent misconceptions by programming as if the computer were an intelligent con-

versational partner with interpretative powers. Similarly, C. S. Miller and Settle (2019)

observed novice programmers frequently referred to properties of an object in place of the

object itself (e.g., referring to name for object.name in place of object) and contended

this resulted from novices slipping into the natural language habit of referring to an ob-

ject closely related to a referent instead of the referent itself. However, Taylor (1990) has

argued that such application of natural language discourse can variably result in “super-

strategies” or “superbugs” when programming, such that natural language knowledge is

not bad wholesale. For example, use of natural language may represent a superstrategy

when students successfully reason about program inputs and behavior in natural language,

enabling translation of their understanding into formal program syntax. However, use of

natural language may represent a superbug when it tacitly introduces assumptions about

program input, behavior, or output, such as the belief that a computer can execute lines of

code out-of-sequence and in parallel.

More recent work has documented novices’misconceptions beyond the context of nat-

ural language. For example, Swidan et al. (2018) found that novice Scratch programmers

believed that variables can hold more than one value, that assignments could store unre-

solved equations, and that a false, single-branch condition would terminate the program,
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among others. For database programming, Miedema et al. (2021) found novice SQL pro-

grammers exhibited misconceptions thought to emerge from four knowledge sources:

• Prior courses: For example, novices believed themathematical symbol 6=was a valid

operator in SQL, and others believed the syntax == formed a comparison operator in

SQL, as it does in other programming languages like Python or C++.

• Generalizations: For example, novices incorrectly reused code or mistakenly wrote

syntax that worked in some contexts but not others.

• Natural Language: For example, novices expected IS NOT to be a valid comparison

operator in SQL or used synonyms of SQL keywords.

• Deficient mental models: For example, novices simply did not know how certain

features of the language behaved, leading to incorrect conceptions of the language or

program.

However, identified misconceptions ranged from conceptual misunderstandings, such as

believing a statement’s scope to be larger than it is, to mistakes attributable to forgetfulness,

issues related to English-language learning, or deviant problem-solving approaches. Simi-

larly, other research continues to use misconception to refer to mistakes or slips. Oliveira et

al. (2023), for example, analyzed snapshots of students’ Java code before and after refactor-

ing and identified 25 “refactoringmisconceptions,” such as failing to simplify if statements

containing more than one condition, not updating a variable reference when converting a

for loop to a for-each loop, or erroneously replacing a for loop with a for-each loop.

Broadening the term “misconception” out from conceptions contrary to a discipline’s canon,

as the term was defined above, inhibits our ability to rigorously study and design for stu-

dents’ understandings, as well as for the cognitive processes distinct from misconceptions,

such as apparent forgetfulness.

Other work has examined student conceptions as they are or examined how task fea-

tures contribute to the emergence of misconceptions. Xinogalos (2015), for example, ex-
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amined novice Java programmers’ conceptions of classes—written specifications for col-

lections of data and procedures — and objects — instantiations of classes — finding that

most understood classes as descriptions of objects and objects as models of real-world phe-

nomena. In contrast, Herman et al. (2012) identified many misconceptions students exhibit

while translating English problem specifications to Boolean statements but found that such

misconceptions emerged from variations in task features rather than misunderstandings.

Similarly, Chao et al. (2018) found that while students exhibited incorrect mental models

of recursion — schemata for how programs can “call” themselves, creating a new, running

instance of the program — students presented with tasks providing greater contextual sup-

port more often constructed normative mental models of recursion, suggesting students can

recognize and use task features to construct conceptions on-the-fly.

Computing education researchers have called for additional research into student mis-

conceptions. Clancy (2004), for example, has called for further research into why novices

develop misconceptions of language syntax and advanced language constructs, such as it-

erators, generic functions, or templates. Similarly, Lewis et al. (2019) called for further

research to better arm instructors with expectations of what students might miss, account-

ing for instructors’ expert blind-spots. However, this research is conducted at the risk of

merely pointing out the differences between novices and experts and neglecting the poten-

tially productive knowledge novices enter the classroom with (Danielak, 2019). Equally,

its general methodology lends itself to clouding the difficult cognitive and epistemological

work novices engage in (Danielak, 2022). We additionally risk mistakenly separating com-

puting and everyday ways of thinking, potentially neglecting goals of computational think-

ing and development of the whole learner in favor of the narrow slice presented through their

work. This is in spite of prior research recommending researchers examine how novices’

conceptions might be leveraged or how they develop into expert-level conceptions (Ben-

Ari, 2001; Qian & Lehman, 2017).
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Finally, merely misconceptions-focused research does not advance our interests as de-

signers and educators. This is because misconceptions alone describe what is wrong with

students’ ideas but give little insight into how they have come to be wrong and how they

might serve designs of learning environments — beyond their being rooted out, at least.

Summarily, misconceptions do not provide a robust model of student thinking that comput-

ing education researchers can use as scientists and designers. That is, they do not provide

abstract accounts of how students think about programming that allow researchers or prac-

titioners to explain, predict, or understand that thinking. As an amalgam of engineering,

technology, and social science research, computing education theory has drawn from vari-

ous research paradigms, but Tedre and Pajunen (2022) have found it more fruitful to draw

from developingmodels of phenomena rather than grand theories. Further, for the purposes

of design, models outline design spaces within which novel learning environments and in-

structional strategies might be devised (Nelson & Ko, 2018). Bonar and Soloway (1985)

have shed insight into how misconceptions are generated, but gaps remain, such as how

prior knowledge interacts with program design and ways in which such knowledge might

be productive for program generation.

2.2 Novices' Conceptions are Transitory and Context-Sensitive

Catalogs of novices’misconceptions enables instructors to understand, prevent, and correct

them, but they serve designers of learning environments poorly by providing an incomplete

picture of programmer cognition and tacitly summarizing learners’ conceptual resources as

unproductive, incorrect, or harmful to learning. To account for this, this thesis draws from

learning research in science and mathematics education.

2.2.1 Novices' Conceptions are in Transition

Novices become experts; they transition. Theories of learning attempt to describe how this

transition occurs at varying levels of abstraction. For example, constructivism primarily
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contends learners construct new knowledge in terms of prior knowledge by either assimi-

lating new information into their body of knowledge or accommodating new information by

reorganizing their body of knowledge. Cognitivism contends learning is a change in long-

term memory and mediated by a series of relatively independent information processors.

Constructivist theories of learning foreground how old pieces of information interact with

new ones; cognitivist theories foreground how information processors mediate perception,

retrieval, and action (Doroudi, 2021)

Conceptual change is a theory of learning foregrounding how concepts develop. This

is done to distinguish between surface-level kinds of learning, such as memorization or

mere assimilation of information, and the kind of restructuring necessary to think about or

perceive situations in new ways (diSessa, 2006). Several studies in science and mathemat-

ics education have modeled how conceptual change occurs. Building from Piaget’s theory

of assimilation and accommodation, Posner et al. (1982) contended conceptual change oc-

curred as learners became dissatisfied with known concepts and perceived new concepts

as intelligible, plausible, and fruitful. Additionally, Posner et al. suggested students’ prior

knowledge, metaphysical beliefs, and epistemological commitments influenced whether

conceptual change occurred as well. Pintrich et al. (1993) began to extend Posner et al.’s

earlier argument, contending that models of conceptual change should account for learners’

goals, interests, and motivations and that students tend to not actively seek coherency as

suggested.

While this work charted out the litany of factors that influence deep forms of learning, it

neglected descriptions of precisely what was changing at levels of granularity greater than

“assimilation” or “accommodation.” diSessa and Sherin (1998) examined contemporary

conceptual change literature and concluded much of it had an unclear ontology of concep-

tual change, saying little about how concepts change. In response, the authors proposed that

a theory of concepts should describe what they are, what it means for a student to “know”

them, the qualitative distinctions that exist between concepts, the processes through which

11



they change, and how long they take to change. Further, Smith III et al. (1994) contended

that much work examining differences between novices and experts mistakenly prescribed

that novices’knowledge should be rooted out, neglecting that novices’ways of knowing and

intuitions are continuous in either content or form with experts’ conceptions. Subsequent

conceptual change work has analyzed students’ conceptions and change through various

lenses, such as through (Duit & Treagust, 2003):

• Epistemological status: How students’ concepts change in response to a concepts’

intelligibility, plausibility, and utility.

• Ontological status: How the what of students’ concepts change, such as how their

understanding of heat may change from fluid-like substance to kinetic energy.

• Perception of models: How students understand models in relation to reality, such

as whether they are merely representations or 1:1 relations.

• Contextual use: How students’conceptions of phenomena change between contexts.

• Affect: How conceptual change is influenced by affective and metacognitive factors.

Conceptual change research, then, seeks to describe what students know and proposes

accounts of the processes by which that knowledge changes. Within this tradition, a signifi-

cant division has emerged between those who believe that students’ concepts form coherent

theories of knowledge and those who believe that students’ concepts form networks of frag-

mentary knowledge (diSessa, 2006). For example, diSessa (1993) proposed novice physics

students’knowledge partly consists in disconnected intuitions for what kind of physical phe-

nomena can occur and how they might be explained. Similarly, Hammer and Elby (2003)

proposed students’ beliefs and processes about knowledge and knowing consist in similarly

small, context-sensitive resources. However, recent work has prescribed abandoning the

coherence question in favor of investigating the circumstances in which novices draw upon
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their conceptual resources to construct coherent frames of reference and process informa-

tion, broadly proposing that situations bear conceptual dynamics influencing how frames

of reference are constructed (Sherin et al., 2012). That is, it may be more productive to

ask when and why novices construct coherent ways of thinking about phenomena than to

determine if the underlying conceptions are, in general, coherent or fragmented.

2.2.2 Novices' Cognition is Context-Sensitive

The preceding section has explained that knowledge claims of students’ conceptions must

have a particular ontology and at least entertain how such concepts might change. Subse-

quent work has further problematized discussion of novices’misconceptions by contending

that the deployment of conceptions is contextual. In particular, competence is enabled by

the cognitive context in which a learner acts and is defined by the social context in which

they reside (Brown et al., 2015). Resultantly, this work contends claims about novices’

knowledge must account for context, as whether novices’ knowledge is productive — con-

structive of competence — varies with context. This work resides within the tradition of

knowledge analysis, which generally contends that knowledge is made up of discrete, in-

teracting units in a conceptual ecology and that the deploying of those units is contextual

(diSessa et al., 2015). The discrete units are constructed from prior knowledge, but their use

and application are mediated by cognitive structures processing and storing information.

Context-sensitivity is important for misconceptions research in two ways. First, it sug-

gests that novices may possess canonical knowledge but simply do not perceive the situation

as one demanding that knowledge, resulting in failure to transfer or apply knowledge across

contexts. As a result, an explanation for a misconception cannot merely be that the learner

is confused; the explanation must account for how the learner perceives the situation and

the factors influencing that perception (Levin et al., 2013). Second, it suggests that novices

may possess appropriate knowledge but variably deploy it. As a result, an explanation for a

misconception cannot merely be that the student is deficient; it must attend to the possibility
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that a feature of the task situation did not elicit that knowledge, similar to the previous point.

In turn, context-sensitivity suggests that learning is, in part, regulation of information recall

and impressing upon the learner the importance and relevance of normative concepts.

Somework in this line of conceptual change research and cognition exists in computing

education. Chao (2012), for example, identified that novices intuit that computers are actors

producing results, potentially generating flawed models of program recursion. Similarly,

Chao et al. (2018) found that features of a task influence the mental model of recursion

that students construct. In concert, these findings describe how novices’ conceptual re-

sources influence their understanding of how programs behave when executed, particularly

programs with recursion. Additionally, Lewis (2012) contended how students’ construct

interpretations of program state may be influenced by conceptions of what features of a

program context are relevant to program state. These conceptions were thought to be in-

fluenced by prior knowledge and tractable to change. Finally, Danielak (2019) suggested

that context-sensitivity implies that some misconceptions result from the misapplication of

ordinarily useful knowledge, requiring that computing education researchers take greater

care in describing students’ knowledge and begin from the assumption that the knowledge

deployed has a use in students’ contextual understanding.

2.3 Summary

In this chapter, I surveyed the misconceptions novice programmers encounter while learn-

ing to program. I discussed how documenting these misconceptions is useful but neglects

the complete picture of programmers’ cognition and the conceptual resources novices bring

to bear on programming. I summarized bodies of work in science, mathematics, and com-

puting education that model novices’ conceptual resources and how they mediate novices’

transition into experts.

This review’s intent is not to deprecate misconceptions as an instructional or design

tool. As stated above, indexing themissteps novice programmersmightmakewhen learning
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to program enables the understanding, prevention, and correction of such missteps (Lewis

et al., 2019). However, I hope it is clear that too great a focus on novice programmers’

mistakes neglects the rich conceptual resources they enter classrooms with and the arduous

work they engage in while programming. Further, while it would be correct to observe that

a programming language’s keywords relation to English words or task feature’s relation to

students’ in-the-moment mental models are small details, it is exactly these small details that

learners are most sensitive to. As designers and educators, our duty is to remain sensitive

to these details despite their size.

15



CHAPTER III: Methodology

In this chapter, I describe the conceptual framework, context, and methods of the study

described in this thesis. Summarily, I recruited and screened participants from three sections

of an introductory computer science course at Middle Tennessee State University. I then

interviewed six participants and qualitatively analyzed the resultant transcripts and video

to identify conceptual resources at work in their programming knowledge and practice. I

begin with my conceptual framework because it is inextricably linked to my methods.

3.1 Conceptual Framework

As suggested in Section 2.2, my conceptual framework begins from the premise that learn-

ing is change in discrete mental objects. For example, if we compare a student’s conception

of plant before and after an introductory course in biology, we might say they learned if

their concept appears to have changed to accommodate ideas about structures — such as

cells, tissues, or organs — and processes — such as cellular respiration, photosynthesis,

or growth. We might say a chemistry student has learned if their conception of solution

appears to have changed to accommodate procedural ideas, such as dimensional analysis

and dilution. In general, if we let a student’s initial conception of a phenomenon be A and

their later, canonical conception of something be B, then productive learning is change of

concept A to concept B.

However, this formulation of learning, alone, says little about how novices appear com-

petent in some problem contexts and incompetent in others. Competence suggests they pos-

sess canonical concept B, but incompetence suggests that continue to possess misconcep-

tion A. Why do novices use B in some contexts but A in others? Further, this formulation

fails to specify what a concept is. Is a concept a category of things, belief about the world,

coherent theory of phenomena, or a model? Leaving these questions unanswered does not
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mean we cannot observe, measure, facilitate, or even design for learning, but it certainly

limits the granularity at which we can do so.

As suggested in Section 2.2, a line of research in the learning sciences has argued

that novices’ conceptions are transitory, and their application is context-sensitive. Here, I

adopt a theory of learning and cognition extending from that body of literature, Knowledge

in Pieces, that claims knowledge is made up of many dynamic concepts and competence

emerges from the coordinated activation of those entities. The ontology of the concepts are

diverse, and their activation is contingent on what the learner perceives or judges salient

in their context. Learning remains, in part, change in concepts. However, it is additionally

change in the processes of activating and applying networks of concepts to competently

problem-solve or make sense of the world. In summary, learning is change in networks of

concepts at work in learners’minds, and cognition is viewed as the result of those networks’

dynamic activation and change.

I adopt this theory of learning partly for the theoretical considerations above but also

for pragmatic purposes. KiP is cognitive insofar as it supposes learners’ attention to features

of the problem environment activate conceptual resources existing in either memory or at

an intuitive level. Activated resources frame learners’ interpretations of the problem context

and ultimately structure their sensemaking strategies. KiP is also constructive insofar as it

supposes learners’ prior knowledge has a genesis in which it was first conceived, likely in

a context in which it was a useful, and changes at either a resource or system level to ac-

commodate new experience. Analyses of novice programming stand to benefit from KiP’s

cognitivist tendencies, as programming is an explicit mode of problem-solving, but also

from its constructivist tendencies, as learning to programming implicates prior knowledge.

3.2 Classroom Context

I conducted this study in Fall 2024, drawing participants from three sections of Computer

Science I (CSCI 1170) in the College of Basic and Applied Sciences at Middle Tennessee
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State University (MTSU). I selected CSCI 1170 because it is MTSU’s designated introduc-

tory programming course for Computer Science majors and non-majors; it appeared likely

participants would have little experience with programming, providing a suitably novice

population for this study.

The class content of the three sections of CSCI 1170 — sections A, B, and C — are

as follows. Section A delivered instruction and assignments in the C++ programming lan-

guage, and sections C and B in the Python programming language. Section A’s content

followed Gaddis (2018); sections B and C’s content followed Gaddis (2020). All students

attended 3 hours of lecture and 1 hour of laboratory sessions every week for 15 weeks.

In general, instruction was lecture-based and supplemented with program demonstrations

or live programming. Table 3.1 summarizes the course content for the first 5 weeks of the

semester, indicating novice participants knew only the C++ or Python syntax and semantics

necessary for simple programs with input and output processing and control structures.

Week No. Course Content

1 Syllabus Review, Introduction to Computers, Programming, and UNIX

2 Input and Output Processing and Language Basics

3 Decision Structures and Boolean Logic

4 Logical Operators, Boolean Variables, and Nested Decision Structures

5 Repetition Structures

Table 3.1: The content covered in the first five weeks of CSCI 1170, by week.
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3.3 Participant Recruitment and Screening

3.3.1 Recruitment Methods

For each section, I recruited participants during a lecture session in the third week of the

semester. I briefly explained the purpose, methods, risks, and benefits of this study to the

students as a class, and I then distributed informed consent forms and surveys to interested

students. Participants were offered a $20 Amazon gift card for their participation in an

interview. After allowing students up to 10 minutes to read and complete the informed

consent form and survey, I collected the materials and left the classroom.

The survey collected students’ name, age, major, minor, and contact information and

assessed students’ prior programming experience by five self-report questions. Question 1

asked students to select one of five options describing how they first learned how to pro-

gram; the last option permitted a free response if the rest did not capture how they learned

how to program. Question 2 asked students to describe any programming projects they may

have written outside of their computer science courses. Questions 3 and 4 asked students

to describe their proficiency in the Python and C++ programming languages by selecting

one of four options: “Not at all”, “Somewhat”, “Slightly”, and “Very”. Question 5 asked

students to report any other languages they are proficient in and describe their proficiency

as either “Not at all”, “Somewhat”, “Slightly”, or “Very”. The full survey is listed in Ap-

pendix 1.1.

3.3.2 Selection Methods

Following collection of students’ written surveys, my advisor and I applied the screening

rubric listed in Appendix 1.2. The rubric excluded participants who appeared to be in-

termediate or expert programmers, leaving only apparent novices in the interview pool.

This ensured interviewed participants were obliged to draw from either their new or out-of-

domain knowledge when performing interview tasks, better positioning me to induct such

knowledge resources in their talk.
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Excluded participants were characterized by having significant programming experi-

ence, completed programming projects requiring concepts taught after CS1, or having ap-

preciable proficiency in Python, C++, or any other programming language. After applying

the exclusion rubric, we ordered the remaining participants in the order in which they were

most “novice-like” using the rubric listed in Appendix 1.3. Novices were characterized by

having no prior programming experience, not having completed any programming projects,

and indicated no proficiency in Python, C++, or any other programming language.

After sorting participants from most novice-like to least novice-like, I contacted the

first 6 novice-like participants by email. If a student replied within 3 days of receiving

the email, I scheduled them for an interview on a first-come, first-serve basis. If a student

failed to reply within 3 days, I notified them they would be not be selected for an interview

and contacted the next most novice-like student in the list. This continued until I success-

fully scheduled 6 participants for an interview. Table 3.2 lists interviewed participants by

pseudonym, major, programming language, and week interviewed. Because all participants

were interviewed in at least the fourth week of the semester, I assumed they were familiar

with basic syntax, input and output processing, and conditional and looping control struc-

tures (see Table 3.1).

Participant Major Language Week Interviewed

S0 Computer Science C++ 4

S1 Actuarial Science Python 4

S2 Computer Engineering C++ 4

S3 Computer Science C++ 4

S4 Environmental Science C++ 4

S5 Environmental Science C++ 5

Table 3.2: Information for interviewed participants.
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3.4 Data Collection

My objective was to elicit participants’ talk in programming contexts to infer knowledge,

strategies, and models productive to program design, generation, and evaluation (see Ta-

ble 1.1). To accomplish this, I conducted task-based, clinical interviews with 6 program-

ming novices from 3 sections of CSCI 1170 at MTSU. The interviews were approximately

1 hour in length and audio- and video-recorded. I collected participants’ scratch-work or

notes as data as well.

3.4.1 Interview Protocol

I conducted 6 task-based, clinical interviews. Task-based denotes the interviews revolved

around participants’ solving and thinking about a set of programming problems, described

below. Clinical denotes that my conduct attended to each participants’ unique mode of

thinking. This meant that I continually attempted to reframe problems, introduce new op-

portunities for sensemaking, or ask clarifying questions to make participants’ thinking most

visible (diSessa, 2007). In this way, clinical interviews encourage analysts to generate novel

characterizations of participants’ thinking rather than evaluating their thinking or verifying

existing models of it (Clement, 2000).

During the interviews, I restricted myself to presenting the programming problems

and asking probing questions to participants. For example, in response to participants’

reasoning, I asked “Could you talk more about that?” or “What do you mean by that?”

If participants asked me questions to verify their answers, I responded with questions like

“Why do you think that?”, “How did you come to think that?”, or “What do you think?”

If a participant was silent for an appreciable amount of time, I prompted them to continue

thinking aloud by asking, “What are you thinking about?” or “What are you considering?”

Similarly, if participants finished a problem without elaborating on their thought process,

I asked questions like “How did you think through that?” or asked them to explain their

process as they might to a classmate.
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If participants were making visible errors while solving the problem, I did not attempt

to correct them. For example, while most participants demonstrated misconceptions around

variable assignment, they are expected to know variable assignment afterWeek 2 or 3 of the

semester, so I did not correct them. However, as the interviews were conducted in Weeks 4

and 5 of the semester, some students were not familiar with while loops, which are neces-

sary to complete the problems (see Table 3.1). In these cases, I stopped the participant and

briefly explained while loops in terms of preceding programming problems or the imme-

diate problem. If participants continued to misinterpret while loops after this explanation,

I did not attempt to correct them.

3.4.2 Interview Tasks

During the interviews, I administered up to 5 programming tasks and asked participants to

think aloud as they solved them. Each task was designed to elicit the kind of knowledge

characterized in one or more of the programming phases shown inTable 1.1, as summarized

inTable 3.3. To ensure these tasks were appropriate for participants’knowledge, I presented

the tasks to the CS course instructors from which participants were to be recruited. Based

on their feedback, I revised the tasks.

Problem Design Generation Evaluation

1 X
2 X
3 X
4 X X
5 X X

Table 3.3: Alignment of interview tasks with phases of programming described in Ta-

ble 1.1. Acheckmark (“X”) indicates the task is intended to elicit the knowledge, strategies,

and models deployed in either programming design, generation, or evaluation.
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The remainder of this section describes each task in detail for the C++ programming

language. I describe the C++ variants because 4 of the 5 interviewed participants learned

CSCI 1170 content in C++. Readers familiar with programming may prefer to read the

tasks in Appendix B, which lists the programming tasks as they were presented to students

during the interviews.

Problem 1: Swapping Two Variables

Problem 1 asks participants to describe what the program in Listing 3.1 does. The program

swaps the values of two variables. In line 1, the program first makes commands defined in a

file named iostream available to the programmer. These commands include std::cin and

std::cout, which allow the programmer to receive input from the user and output text to

the user, respectively. In lines 4 and 5, the program initializes two variables of integer type

named a and b. Lines 7 and 8 set the values of variables a and b to the first two numbers

the user submits when running the program.

1 #include <iostream>

2

3 int main() {

4 int a;

5 int b;

6

7 std::cin >> a;

8 std::cin >> b;

9

10 int c = a;

11 a = b;

12 b = c;

13

14 return 0;

15 }

Listing 3.1: The C++ variant of Problem 1. This code is accompanied with the prompt

“Consider the below program. What does the program do?” and is designed to elicit the

kind of knowledge required for program evaluation (see Table 1.1). The program receives

two numbers as input, stores them in variables a and b, and swaps the values of the variables.
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The significant content of Problem 1 is contained in lines 10, 11, and 12. In C++ and

Python, the assignment operator (=) sets the value of the variable on the left-hand side to the

value of the variable on the right-hand side at the time of assignment. For example, let the

value of a be 5 and the value of b be 7. Then, line 10 sets the value of the newly declared

integer variable c to 5, and line 11 sets the value of a to 7. However, the value of c remains

5, even after line 11 executes. Line 12 sets the value of b to 5. When the program ends at

line 14, the values of a, b, and c are 7, 5, and 5, respectively. The values of a and b have

swapped.

Problem 2: Finding the Maximum Value

Problem 2 asks participants to describe what the program in Listing 3.2 does. The program

finds the largest integer in a stream of integers submitted by the user. Like Listing 3.1,

the program begins by including commands needed for program input and output and by

declaring integer variables, namely x and number. The role of the variable x is to record the

value of the largest integer encountered in the input stream. The role of the variable number

is to record the integer most recently submitted by the user. Line 7 sets the value of number

to the first integer submitted by the user.

The significant content of Problem 2 is contained in lines 8–14. Line 8 begins a while

loop that will terminate if and only if the value of number is set to -1. Rather, the commands

in lines 9–13 will repeat in sequence until the user submits a value of -1 in response to the

prompt emitted on line 13. Line 9 tests if the value of x is less than number. If so, line

10 will execute, setting the value of x to the current value of number. In effect, lines 8–14

update the value of x only if the user submits a value larger than all previously submitted

values. Thus, line 16 prints the maximum value encountered in the stream.

Problem 3: Translating Pseudocode to Program Syntax

Problem 3 asks participants to write C++ or Python code that is semantically equivalent to

the pseudocode listed inListing 3.3. Pseudocode is a description of an algorithm in approx-
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1 #include <iostream>

2

3 int main() {

4 int x = 0;

5

6 int number = 0;

7 std::cin >> number;

8 while (number != -1) {

9 if (x < number) {

10 x = number;

11 }

12

13 std::cin >> number;

14 }

15

16 std::cout << x;

17

18 return 0;

19 }

Listing 3.2: The C++ variant of Problem 2. This code is accompanied with the prompt

“Consider the below program. What does the program do?” and is designed to elicit the

kind of knowledge required for program evaluation (seeTable 1.1). The program receives a

stream of integers until the user inputs -1 and records the largest number encountered along

the way.

imately natural language. The pseudocode describes an algorithm to compute the factorial

of a user-submitted value N. Listing 3.4 lists a C++ implementation of the pseudocode.

The significant content of Problem 3 is contained in lines 9–11 of Listing 3.3, a loop.

Line 9 specifies the condition for the loop, stipulating that lines 10 and 11 are to repeat until

the value of J is greater than the value of N. Line 10 assigns the variable P a new value: the

previous value of P multiplied by J. In effect, if the value of P and J in the kth iteration of

the loop is pk and j respectively, then the value of P is given by pk = pk−1 × j. Line 11

simply adds 1 to the value of J.

To implement the pseudocode in lines 9–11 of Listing 3.3, the programmer must map

the condition specified in line 9 — that the loop terminates when the value of J is greater

than N— to an equivalent condition suitable for a control structure in either C++ or Python.

For example, in Listing 3.4, the condition is mapped to the equivalent condition that the

loop executes while J is less than or equal to N (i.e., J <= N). Possible errors include lin-
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1 read in a number N

2

3 initialize number P

4 set P equal to 1

5

6 initialize number J

7 set J equal to 1

8

9 repeat the following until J is greater than N:

10 set P equal to P multiplied by J

11 increment J by 1

12

13 print P

Listing (3.3) The pseudocode given for Problem 3. This

code is accompanied with the prompt “Implement the be-

low algorithm as a program” and is designed to elicit the

kind of knowledge required for program generation (see Ta-

ble 1.1). The program computes and prints the factorial of a

user-submitted value N.

1 #include <iostream>

2

3 int main() {

4 int N;

5 std::cin >> N;

6

7 int P = 1;

8 int J = 1;

9

10 while (J <= N) {

11 P = P * J;

12 J++;

13 }

14

15 std::cout << N;

16

17 return 0;

18 }

Listing (3.4) The C++ im-

plementation of Problem 3.

The program computes and

prints the factorial of a user-

submitted value N. J++ is

equivalent to J = J + 1.

early mapping the condition, by writing J > N, or specifying only a less-than condition, by

writing J < N; a program containing either of these errors will not produce the factorial of

N. The remaining lines, lines 10 and 11, were expected to be trivial mappings.

Problem 4: Soloway's Rainfall Problem

Problem 3 asks participants to write C++ code satisfying the below prompt.

Design and implement a program reading integers from standard input until

the value 99,999 is encountered. Print the average of the integers encountered

before 99,999 to standard output. Ensure your program works for all inputs.

In effect, the prompt asks participants to implement a C++ variant of Elliot Soloway’s Rain-

fall Problem, first formulated in Soloway (1986). Listing 3.5 lists a C++ solution. Imple-

menting the program requires recalling and composing many templates for accomplishing

common programming goals, such as running a sentinel-controlled loop (line 11), keep-
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ing a running sum and count (lines 12–3), and guarding against division by zero (line 19).

Failure in formulating these goals and composing requisite templates will result in an erro-

neous program, such as one that does not terminate when 99,999 is encountered, includes

99,999 in the average, or divides by zero. As such, the prompt is thought to elicit the kind

of knowledge required for program design, generation, and — if the programmer is astute

— evaluation (see Table 1.1).

1 #include <iostream>

2

3 const int SENTINEL = 99999;

4

5 int main() {

6 int sum = 0;

7 int count = 0;

8 int number = 0;

9

10 std::cin >> number;

11 while (number != SENTINEL) {

12 total += number;

13 count++;

14

15 std::cin >> number;

16 }

17

18 int average = 0;

19 if (count > 0)

20 average = total / count;

21

22 std::cout << "Average: " << average << std::endl;

23

24 return 0;

25 }

Listing 3.5: The C++ solution to Problem 4. The program repeatedly asks a user to input a

number until the integer 99,999 is entered. The program then checks if the user entered at

least one number. If so, the program prints the integer average; otherwise, it prints zero.
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Problem 5: Evaluating a Solution to Soloway's Rainfall Problem

Problem 5 asks participants to evaluate the correctness of Listing 3.6, which is framed as a

response to the prompt in Problem 4. The code successfully keeps a running sum and count

of the integers submitted by the user and avoids dividing the sum by zero, but the program

also includes 99,999 in its average, failing to meet the prompt. Most of its commands are

similar to those in previous problems, but I briefly describe the two newcomers: line 3

declares the constant integer value 99,999 under the identifier SENTINEL; line 10 initializes

a Boolean variable no_sentinel that can be either true or false. In effect, the while loop

repeats the commands in lines 13–22 in sequence until the user submits the value 99,999.

The program’s error is primarily contained in lines 17–21. The program checks the

value of number after adding it to the running sum total and incrementing the value of

count. So, the average will always include the value of 99,999. This can be fixed by

moving lines 17–21 between lines 13 and 14. However, this must be accompanied by an if

statement checking if the value of count is greater than 0 to guard against division by zero

in line 24.

3.5 Data Analysis

I began data analysis by generating and cleaning transcripts of the interviews. I generated

transcripts using Zoom’s transcription feature and cleaned them by listening to the record-

ings, attributing speakers to statements in the process. Participants’ pseudonyms were used

in place of their names in the transcripts.

After transcription, my thesis advisor and I analyzed the data by inducting and deduct-

ing patterns to infer productive knowledge, strategies, and models for programming. We

first independently read through the data and assigned preliminary labels to participants’

statements or utterances. These labels are called codes and summarize salient properties

of the data, such as participants’ conception of a programming construct. We then met to

discuss our readings and analyses of the data, reconciling our codes and any disagreements
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1 #include <iostream>

2

3 const int SENTINEL = 99999;

4

5 int main() {

6 int total = 0;

7 int count = 0;

8

9 int number = 0;

10 bool no_sentinel = true;

11

12 std::cin >> number;

13 while (no_sentinel) {

14 total += number;

15 count += 1;

16

17 if (number != SENTINEL) {

18 std::cin >> number;

19 } else {

20 no_sentinel = false;

21 }

22 }

23

24 int average = total / count;

25 std::cout << "Average: " << average << std::endl;

26

27 return 0;

28 }

Listing 3.6: The C++ variant of the code for Problem 5. This code is accompanied with a

prompt explaining that a student, Aubrey, wrote the program in response to the prompt in

Problem 4 and concluding with “Why isAubrey’s program correct/incorrect?” The problem

is designed to elicit the kind of knowledge required for program evaluation (see Table 1.1).

The primary error of the code is including 99,999 in the average.

encountered. We then repeated this process over many iterations to converge on a common

set of themes, which often subsume and summarize sets of codes identified in previous cod-

ing runs (Cohen et al., 2017; Fereday & Muir-Cochrane, 2006). This method summarily

organizes and reduces the wealth of information in qualitative data, enabling reliable, clear

interpretations and characterizations of the phenomena described (Tenenberg, 2019).

We did not calculate statistical agreement metrics but instead recorded and resolved

disagreements, following Hammer and Berland (2014)’s description of qualitative coding

as tabulations of claims about the data and outcomes of analytic processes. Accordingly,
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we opted for thick description of our results rather than statistical metrics. If disagreements

are pertinent to my presentation of the data, I describe them with the data below.

3.6 Positionality

I disclose my identities and experiences here to afford the reader insight into how these

aspects of myself may have shaped the design and results of this thesis. I am a male

Guatemalan-American born in the United States to two immigrant parents. I grew up in a

bilingual household and in the same geographical region as Middle Tennessee State Univer-

sity (MTSU). Unlike the participants in this study, I spent most of my youth programming

videogames in software systems like GameMaker: Studio, LÖVE2D, and Godot. Thus,

I entered CSCI 1170 already knowing the content to be taught, so my position relating to

experiences in CSCI 1170 and learning to program differed substantially from participants’.

Additionally, I am a Computer Science major at MTSU. I have completed CSCI 1170

with one of the professors whose class I have sampled from, and I am therefore familiar

with the content, lecture, and homework of CSCI 1170 and subsequent coursework. I often

disclosed this fact to participants to assure them I was familiar with their coursework and

experiences. I additionally have experience tutoring students in undergraduate Chemistry

and Biology courses, and I often worked with students in these courses to identify and

extend their prior knowledge.
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CHAPTER IV: Results

The purpose of this research was two-fold. First, I sought to identify the conceptual re-

sources computer science novices enter CS1 classrooms with. Second, I aimed to under-

stand how novices applied these resources when programming. This chapter begins by

describing the conceptual resources participants appeared to use when reasoning about pro-

gram design, generation, and evaluation. I describe each resource and hypothesize contexts

in which they appeared useful to participants in their learning. The chapter then describes

how participants used these resources in their programming practice. There, I present rele-

vant fragments of the transcripts and describe my analysis.

4.1 RQ1: What Knowledge, Strategies, andModels doCS1Novices

Possess?

Participants appeared to possess many conceptual resources for designing, generating, and

evaluating programs. The prevalence and uses of these resources waxed and waned across

problem contexts, suggesting problem features differentially elicited participants’resources.

Here, I describe the general content and properties of the identified resources one-by-one,

but I describe their use in greater depth in the following section. To help denote what is

and is not a resource, I italicize all resources as I refer to them. Table 4.1 summarizes the

identified conceptual resources.

4.1.1 Assignment as Equality

This resource is active when learners interpret the assignment operator as an assertion of

mathematical equality rather than an assignment of a value to a variable or identifier. Re-

sultantly, learners appear to believe assignment operands must taken on a shared value; it

is suggested that if the operands do not, the computer will throw a run-time or compile-
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Resource Description Example

Assignment as equality Assignment asserts an

equality between the values

of its two operands.

“ . . . Whatever I put in

for a is going to be equal to

b [ . . . ] If c is equal to

a, then these two are gonna

be the same. So, I’m assum-

ing this is just saying that all

of these are going to be the

same number?”

Assignment as change Assignment changes the

value of an operand to the

value of the other operand.

“We started the program

with the variables’ value

being 0, but that does not

mean it’s permanently

changed for the entire code.

We can change that along

the way.”

Assignment as transitive Assignment links the value

of an operand to the value of

the other operand.

“And it will show the

variable x, and x will equal

to the number which was

entered for the variable

number on line 13.”

Identifier as value An identifier directly repre-

sents a value.

“And that would make 10

equalling 12 . . . ”

Knowing is incremental Knowledge about a pro-

gram is built token-by-

token or line-by-line.

“I don’t see any syntax

errors. I mean, if the

plus equals (+=) means what

I think it means, then it

looks like every variable

is defined, the condition is

defined, doesn’t look like

there’s any syntax errors.”

Knowledge is authoritative Knowledge comes from ei-

ther the professor or the

computer.

“Well, if it was somebody

in my class, I would just

be like, ‘[Professor A] said

during a spe- cific lec-

ture, specifically during our

math expressions lecture,

[they] explained what each

of these operators means,

so like the equal sign, the

double equal sign, and then

[they] went through and ex-

plained that the exclamation

point is a not operator, so

it’s saying it’s not equal to

in this specific instance.”’

Table 4.1: The knowledge resources identified during participants’ design, generation, and

evaluation of programs. A resource is not necessarily a proposition but instead an intuition

or overarching framework for programming practice.
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time error. Importantly, participants applied and abandoned this resource without explicitly

referring to it. They often simply adopted an alternative conception of the assignment state-

ment as the interview progressed, suggesting this resource works at the level of intuition

rather than explicit application.

I hypothesize assignment as equality is transposed from learners’ prior knowledge in

mathematics and reinforced by successful applications in introductory programming. The

assignment operator in the C++ and Python programming languages have the same form

as statements of equality in mathematics. For example, the C++, Python, and mathemat-

ical statements int a = 12;, b = "foo", and v̂ = v/‖v‖ have the same form � = �.

Thus, the three statements can be interpreted as having the same symbolic form or seman-

tics (Sherin, 2001). In particular, all three statements may be interpreted as an assertion that

the left-hand side of the operator is equal to the right-hand side.

4.1.2 Assignment as Change

This resource is activewhen learners interpret the assignment operator as changing the value

of its left-hand operand to that of the right-hand operator. For example, if the variables a

and b are set to 7 and 12 respectively, learners whose assignment as change resource is

active will believe a takes on the value of 12. Implicitly, the value of a is asserted to change

across time. I hypothesize this resource is learned as students become familiar with their

programming language’s sequential model of execution.

Two details of this resource are significant. First, like assignment as equality, the re-

source is applied and abandoned without any verbal indication, suggesting it lies at the level

of an intuition rather than a recognized rule about the assignment operator. Second, acti-

vation of this resource does not necessarily lead to a canonical model of the assignment

operator. Activation of other knowledge resources may augment the expected behavior of

the assignment operator, such as expecting it to link variables across time. Further, absence

33



of knowledge, such as about type inference and compatibility, may lead learners to coerce

variables’ types inappropriately.

4.1.3 Assignment as Transitive

This resource is active when learners interpret the assignment operator as linking the values

of two variables across time. Resultantly, learners appear to believe the statement a = b

links a to b such that any change in the value of b is reflected in the value of a. This

resource requires that learners first interpret the assignment operator as changing the value

of its left-hand operand. Thus, I hypothesize assignment as transitive requires activation

of assignment as change. Hence, activation of assignment as change does not guarantee

expert-level performance.

4.1.4 Identifier as Value

This resource is active when learners replace variables’ identifiers with their values. For

example, if the variables a and b have values 13 and 37 respectively, learners whose iden-

tifier as value resource is active will believe the statement a = b is equal to 13 = 37. I

hypothesize this resource is often activated in concert with assignment as equality, as its

activation supports interpreting the statement a = b as an erroneous statement of equality,

but it is distinguished here to accommodate instances in which learners simply confuse the

assignment operator (=) with the Boolean equality operator (==). In such cases, it is possi-

ble for a learner to correctly interpret a and b as identifiers of regions in computer memory

whose values are 13 and 37 but misinterpret the assignment operator as comparing those

values.

Like assignment as equality, I hypothesize identifier as value has its genesis in learn-

ers’ prior mathematical knowledge. In particular, the mathematical form x = � suggests

that x can be replaced with whatever occupies the space � in any equation x is in. As a

result, the C++ or Python forms a = 10; and b = "foo" readily lend themselves to the

belief that a and b can simply be replaced with 10 and "foo". Further, as this conception

34



is productive in C++ forms like cout << "Average " + average;, instructional content

may inadvertently reinforce this resource’s use.

4.1.5 Knowing is Incremental

This resource is active when learners construct a line or program’s meaning token-by-token

or line-by-line respectively. This resource is partly an operationalization of the code com-

prehension behavior expected among novices when compared to experts, but I intend for

this to also account for the criteria learners use to design, generate, and evaluate programs.

In particular, the fitness of a program to a specified design or the behavior of a program is

known by linearly aggregating the semantics of individual tokens or lines rather than con-

sidering the program as a whole. Successfully attributing semantics, independent of their

correctness, to each token or line is sufficient to “know” a program.

I hypothesize this resource is learned as students become familiar with programming

and the sequential model of execution presented by C++ and Python. Rather, I suggest

novices are obliged to construct and interpret programs token-by-token and line-by-line,

as they have not developed the schemata necessary to construct or interpret programs at

any higher level of abstraction, such as goals or plans (Soloway & Ehrlich, 1984). This

resource is productive when the semantics learners aggregate are aligned with those of the

language; it is unproductive when any one interpretation of a token or line is misaligned

with the language’s canon.

4.1.6 Knowledge is Authoritative

This resource is active when learners justify the apparent semantics of tokens or lines in

a program by citing their CS1 professor or an instance in which a program would work

only when tokens or lines were arranged in a particular way. In a phrase, activation of this

resource is characterized by learners perceiving their professor as the “sage on the stage”

and programming as “getting the computer to work” (Tenenberg & Chinn, 2024). Com-

puter science, more broadly, is conceived as memorizing and mapping rules of execution to
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particular combinations of syntax and state. I hypothesize this resource is an extension of

learners’ general disposition to view instructors as the definitive source of knowledge, but

it is reinforced in CS1 classrooms due to novices’marked unfamiliarity with programming.

4.2 RQ2: How do CS1 Novices Design, Generate, and Evaluate

Programs?

Participants’ conceptual resources appeared to structure how participants made sense of

individual program statements, interpreted programs, and determined when programs’ be-

havior was sufficiently explained or satisfying a problem statement. I first analyze how

different resources mediated participants’ design and generation of programs; I then ana-

lyze their use in program evaluation. I summarize the appearance of different resources

across problems in Table 4.2.

Knowledge Resource P1 P2 P3 P4 P5

Assignment as equality [x] [x] – – –

Assignment as change [x] [x] [x] [x] [x]

Assignment as transitive – [x] – [x] –

Identifier as value [x] [x] – – –

Knowing is incremental [x] [x] [x] [x] [x]

Knowledge is authoritative [x] [x] [x] [x] –

Table 4.2: Perception of participants’ conceptual resources across all five interview tasks

(see Section 3.4.2). A “[x]” indicates I perceived the resource at work in at least one stu-

dent’s work in my analysis; a “–” indicates I did not.
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4.2.1 Program Design & Generation: Problem Decomposition

My analysis here focuses on how participants decomposed pseudocode and problem state-

ments to design, generate, and judge the “fitness” of their code relative to problem specifica-

tions. In general, participants identified individual requirements for code in pseudocode and

problem specifications. However, they viewed fulfilling those requirements as incremental

rather than holistic. This resulted in programs appearing correct locally but being erroneous

globally. I hypothesize these behaviors were supported by the knowledge resource knowing

as incremental and describe relevant episodes.

S1's Decomposition of Soloway's Rainfall Problem

As the name suggests, problem decomposition amounts to breaking a problem up into rel-

atively well-defined parts. Implementing a solution program then amounts to writing and

stitching together subprograms that, in aggregate, solve the original problem. Resultantly,

problem decomposition lessens the general cognitive effort needed design, generate, and

evaluate a solution program with respect to a problem domain for programming experts

and novices alike.

However, I observed novices’ problem decomposition strategies were incomplete. Be-

low is a fragment of S1’s interview transcript. The fragment begins as S1 attempts to design

and write a program solving the prompt listed in Problem 4 (see Section 3.4.2).

(1.1) S1: Okay, so it’s asking me [to] ask the user for a number . . .

(1.2) S1: Okay, ask the user for [a] number, and then if the number is greater than 99,999,

run a different thing. And then, average all of those inputs.

(1.3) S1: But, I don’t know how to do that without just writing a bunch of variables asking

[for an input], and then it’s a fixed number of variables, and I don’t want that

either.

(1.4) S1: It there’s some kind of list function [for] storing something as a list or whatever,

that would be helpful. That’s probably something like that out there, but I’m

not sure how to implement that.
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In statement 1.1, S1 immediately surmises the program should first read in an integer from

standard input. As S1 continues summarizing the question prompt in statement 1.2, they

list the program should check if the read-in integer is greater than 99,999 and ultimately

average the sequence of read-in integers. Their use of the phrase “and then” indicates they

perceive reading in, checking, and averaging as sequential steps. In statements 1.3 and 1.4,

S1 acknowledges their program needs to record the sequence of read-in integers to compute

the average — either as a list or sequence of discrete variables — but does not identify the

syntax needed to do so. After they finish summarizing the question prompt, S1 begins

writing their solution program.

S1’s talk represents problem decomposition because they break the problem down into

discrete steps not given by the question prompt. Implicitly, S1’s summary occurs in a global

while loop that terminates when a read-in integer is greater than 99,999, as suggested by the

phrase “run a different thing” in statement 1.2. Reading a series of integers from standard

input and computing their average are certainly given in the question prompt, but the steps

of checking if a read-in integer is greater than 99,999, storing the integers as a list, and

encapsulating these statements in a while loop are not.

I suggest S1’s problem decomposition is “incomplete” because they initially do not

consider how their enumerated steps aggregate to a program that is holistically compliant

with the question prompt. For example, S1 states the program should check if a read-in

integer is greater than 99,999, but the problem statement specifies terminating the implicit

while loop only when a read-in integer is equal to 99,999. Similarly, S1 does not specify at

which points the program should stop and start the loop. It is only when I begin questioning

S1 about their finished program that they realize their program is incomplete.

(2.1) I: How did you come to think about your use of the list here?

(2.2) S1: Let me check if it’s actually the right way.

(2.3) S1: Oh, is it? Maybe it should be . . .

(2.4) S1: No. Print the [inaudible], reading integer . . .

(2.5) I: What’s making you —

(2.6) S1: Oh! It should be equals. Because it [the prompt] doesn’t say more than — it
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just says until this exact value [99,999] is encountered.

(2.7) S1: Okay, so it should be equals 99,999.

[ . . . ]

(2.8) I: How confident are you that your pseudocode meets the prompt?

(2.9) S1: Like 80%, 85% confident.

(2.10) I: What makes you think that?

(2.11) S1: I mean, just going and matching the natural language to each line of input.

[S1 begins reading their program.]

(2.12) S1: Does that? Oh, that’s nothing here to say “ask again.”

This incomplete program decomposition persists into Problem 5 (see Section 3.4.2).

The below fragment begins after S1 claims the code listed in Problem 5 is a correct imple-

mentation of Soloway’s Rainfall Problem.

(3.1) I: Well, how confident are you that Aubrey’s program is correct?

(3.2) S1: Like 90% sure, I guess.

(3.3) I: What makes you 90% sure?

(3.4) S1: I don’t see any syntax errors. I mean, if the plus equals what I think it means,

then it looks like every variable is defined, the condition is defined, doesn’t

look like there’s any syntax errors.

[S1 simulates running the program to verify the absence of a divide-by-zero

error.]

(3.5) S1: Actually, I guess there isn’t any divide by zero case, because it’s going to, at

least once, it’s going to add your number and then add 1.

(3.6) S1: So then, if you just put in 99,999 right away, then it’s going to print “Average:

99,999.”

(3.7) S1: So, I guess it’s fine, yeah.

In statement 3.4, S1 justifies their confidence in Aubrey’s program being correct by

asserting the program is syntactically valid and composed of the “parts” needed to imple-

ment a solution. In attending to whether “every variable is defined” or “the condition is

defined,” S1 is justifying their knowledge claim by stating the variables and conditions

needed to track and aggregate a sum for an average are present. Similarly, in statement 3.5,

S1 justifies their claim by stating the subprogram needed to avoid a divide-by-zero error is

present. However, S1 did not recognize including the value 99,999 in the average violated

the problem statement. This indicates S1’s decomposition was incomplete.
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S3's Decomposition of Soloway's Rainfall Problem

S3 also demonstrated application of the knowledge resource knowing is incremental in their

design and generation of Problem 4 (see Section 3.4.2). The below fragment begins soon

after I introduce the prompt for Problem 4 to S3. They briefly read the question prompt in

silence. Their talk after their initial reading is listed below.

(4.1) S3: Okay. So, just to be clear, it’s asking you to make a program where a user is

putting in integers, and if the integer 99,999 is inputted, then it’s asking to take

the average of all them before 99,999, and that is when it will print the average?

Just making sure that’s what it’s asking.

(4.2) I: How did you think through that?

(4.3) S3: Well, it says to implement a program reading integers from a standard input, so

a cin statement, and cin means that a user is putting in numbers.

(4.4) S3: And then it says until the value of 99,999 is encountered, so once the user puts

that in, it’s asking it to print the average of all the integers that was put in before.

In statement 4.1, S3 attempted to confirm their decomposition of the problem presented

in the question prompt. S3 decomposed the problem into four steps: (1) requesting user

input; (2) checking if the input value is equal to 99,999; (3) computing the average; and

(4) printing the average. At this point, S3 either did not realize a solution program would

require a loop or simply did not vocalize this aspect, leaving it implicit in the causal phrase

“if the integer 99,999 is inputting, then . . . ” In statement 4.3, S3 appears to map the

plan described in step (1) to the syntax std::cin. S3 reiterates their initial decomposition

in statement 4.4. In the remainder of the interview, S3 often justified their knowledge by

citing their professor or prior experience in their homework, indicating the activation of

knowledge is authoritative.

After reading the question prompt, S3 attempted to implement a solution program but

struggled to write syntax recording and summing the integers needed to computer the aver-

age. Before moving on to the next problem, however, I prompted S3 to describe how they

thought through the code they were able to write. S3’s response is in the below fragment.
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(5.1) S3: Well, I guess I just broke the question up into parts.

(5.2) S3: So, I would create this as one statement, which is “Design and implement a

program reading integers from standard input.”

(5.3) S3: So, after input, that would be one part, and then until the value 99,999 is en-

countered, make that one part of my algorithm, and then the last part is another

part which is “Print the average of the integers encountered before 99,999 to

standard output,” which is the output statement that I am lost on.

In statement 5.3, S3 explicitly states the problem decomposition suggested in their initial

reading of the question prompt. They appear to decompose the problem into three steps: (1)

receiving the user’s input; (2) checking if the input is equal to 99,999, and (3) computing

and printing the average.

S3 continues their decomposition strategy in Problem 5 (see Section 3.4.2). The below

fragment begins after S3 evaluated the code listed in Problem 5 and stated it was correct. In

response to their assertion, I asked them how confident they were in their assertion, and S3

responded “I’d say I’m pretty confident.” I then asked them what made them so confident.

(6.1) S3: Because, at least, in my opinion, it looks like it’s doing what the prompt is

asking.

(6.2) S3: Because, the total is equal to the total plus the number that you put in, and if

it keeps repeating that, then, until this is false, which is the if statement on line

17, if that’s false, then it will then create another integer, which is the average,

and then it will print out the average.

Here, their decomposition serves to assess the design of the program listed in Problem

5 with respect to the problem domain of the question prompt. In particular, the knowledge

resource knowing as incremental serves to guide their evaluation of Aubrey’s code, which

is outside the scope of program design and generation, but it also guides their assessment

of the program’s design with respect to their sense of the prompt’s problem domain. In

statement 6.1, S3 states their confidence is supported by their perception that the program’s

design looks like it satisfies the prompt. This “looking like” amounts to, as S3 described in

statement 6.2, listing the appropriate statements to record and sum a total and compute an
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average. Because the program appears to satisfy the prompt in increments, S3 claimed the

program is correct.

4.2.2 Program Evaluation: Manifold Conceptions of Assignment

My analysis here focuses on how participants appeared to possess many competing con-

ceptions for the assignment operator and applied their conceptions across different con-

texts. All but one participant, S3, demonstrated misconceptions of assignment. In general,

participants appeared to believe assignment asserted equality in Problem 1 but appeared

to believe assignment changed values and, sometimes, linked variables with one another

across time in subsequent problems. I hypothesize these interpretations were supported by

the knowledge resources assignment as equality, assignment as change, and assignment as

transitive and describe relevant episodes.

S0's Interpretations of Assignment

When asked to evaluate Problem 1 (see Section 3.4.2), S0 initially appeared to draw on the

assignment as equality resource. S0 observed that the assignment operator sets the value

of the variable c to the value of a but expressed confusion when reading that the program

sets the value of a to the value of b. Their assertion that the statement a = b would be a

“break in a system” if the values of a and b were not equal suggests they interpreted the

assignment operator as an assertion of equality, similar to the equals sign in mathematics.

(7.1) S0: So, therefore, whatever integer I had put in for integer a at the very beginning

is going to also be duplicated for the integer c.

(7.2) S0: And then, there’s another statement, I’m assuming, with a equaling to b, but [the

reason] that confuses me is because it said [that] after we have already inputted

a number for integer b right [ . . . ]

(7.3) S0: That looks like a break, almost, like a break in a system, especially if they’re

not equal.

When I asked S0 to elaborate on the nature of the error, S0 began explaining that if a and

b were to equal 10 and 12 respectively, the computer would interpret the statement a = b
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as 10 = 12 and resultantly report an error. However, S0 immediately raised the possibility

that the computer would simply accept the assertion that 10 is equal to 12.

(8.1) S0: It’d tell me, “Hey, I’m looking at different statements here, and there aren’t

adding up. First, I implemented two cins and with their two different numbers,

and now you’re telling me a equals to b, but 10 does not equal to 12.”

(8.2) S0: Maybe it would work, and the system would assume that 10 equals 12, and

wouldn’t put an actual . . . essential element behind a number.

(8.3) S0: Rather, that they’re just going to follow blindly and says a equals to b, and it

may just go with it.

(8.4) S0: Or, the computer may look at that mathematical value as an essential component

and say, “No, look for 10, I have 10 bytes,” for example, I’m just throwing my

thoughts out there [ . . . ] “10 bytes and 12 bytes don’t equal for me.”

Note that S0 expressed no confusion at the assignment c = a. I hypothesize assign-

ment as equality is an easily cued knowledge resource and that its explanatory power in

interpreting the assignment c = a cemented its activation throughout S0’s evaluation of

Problem 1.

When evaluating Problem 2 (see Section 3.4.2), S0 read out that the variables x and

number are assigned the value of 0. I hypothesize that during this initial read-out, the re-

source assignment as equality is active. They appear to briefly have trouble interpreting the

condition x < number and, resultantly, quickly abandon assignment as equality in favor of

assignment as mutation to explain the condition, taking note that the value of number is

changed by a cin statement earlier in the program.

(9.1) S0: So, we started with including the iostream for the computer to work with us,

and then we introduced the int main [ . . . ] and introduced the variable x

right after in line four.

(9.2) S0: And then, line six, we’ve introduced the number [varriable] [ . . . ] and we’ve

equaled it to zero.

(9.3) S0: If x is less than number . . . If x is less than number.

(9.4) S0: Okay. So x is less than number, right?

(9.5) S0: But I just got caught up because we introduced the integer x in the very begin-

ning, equalling to zero.

(9.6) S0: So, number and x are already equal, they’re both zero, so . . . This doesn’t

make sense because . . .
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(9.7) S0: Nope, we started the program with the variables’ value being zero, but that does

not mean it’s permanently changed for the entire code. We can change that

along the way.

(9.8) S0: So, when we started with std::cin << number in code seven, we’ve just im-

plemented a new value for the variable number. So that’s no problem.

S0 continued explaining the program’s behavior. To explain the program’s behavior

in the while loop, S0 began simulating the program’s execution with input values 3 and

4 and claimed the program would print the value 4 at line 16. At this point, S0 appeared

to neglect the fact that the while construct will cause the computer’s instruction pointer to

jump from line 14 to line 8 after executing std::cin >> number, leading to their mistaken

interpretation that the program will immediately print x after reading in a value for number.

Despite this mistake, it is clear S0 is drawing on the resource assignment as transitive to

evaluate lines 13 and 16, as the value of x at line 16 is set to the value fed into number at

line 13.

(10.1) S0: And then it’s going to change the x value into equaling that number.

(10.2) S0: So, if we were to put 3, for example, this value [number] is going to be 3.

(10.3) S0: So, now x is going to equal to 3, because x being 0 is less than 3.

(10.4) S0: And then we’re going to move down into having to implement another value

for the variable number.

(10.5) S0: So, we could say 4 here [ . . . ]

(10.6) S0: And, in line 16, it’s going to show that x equals 4.

(10.7) S0: And that happened because x is already equal to number [ . . . ]

(10.8) S0: So, [for] whatever new integer we implement into the variable number, it is

going to be [implemented] into the variable x.

I hypothesize that the knowledge resource assignment as equality deactivated in re-

sponse to its lack of explanatory power for Problem 2. The resources assignment as mu-

tation and assignment as transitive activated to construct an explanation of the program’s

behavior. As a result, S0 interpreted the assignment operator as changing the value of the

variable on its left-hand side — an interpretation closely aligned with normative interpreta-

tions of the operator — but additionally interpreted the operator as establishing a relation-
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ship between the operands. This led to him mistakenly claiming that the value of x would

take on whatever value number is set to.

S5's Interpretations of Assignment

When asked to evaluate Problem 1 (see Section 3.4.2), S5 began by describing the pro-

gram’s behavior line-by-line. After reading the assignment statements for variables a, b,

and c, S5 quickly concluded the program is setting the values of a, b, and c equal to one

another.

(11.1) S5: I know this [#include <iostream>] is up here because it gives you access to

input and output commands, which are down here.

(11.2) S5: This [int a; int b;] is storing these as integer values.

(11.3) S5: These [std::cin] are both character input commands with, I don’t remember

what that’s called [presumably referring to >>].

(11.4) S5: And it’s giving this as an input as a, this is an input as b, and then down here

it’s saying that c is equal to a, a is equal to b, and b is equal to c, so I guess it’s

saying they’re all equal.

(11.5) S5: And then it’s ending the program.

To better understand S5’s evaluation, I asked them how the program would behave if the

user submitted values 2 and 5 when the program asked for user input. S5 responded that

the program would “tell you that c is equal to 2, 2 is equal to 7, and 7 is equal to 2.” I asked

S5 what the program’s supposed statement of 7 = 2 might mean. S5 responded, “I don’t

know, because seven is not equal to two.” A few minutes later, I asked S5 how confident

they were in their interpretation of the program’s behavior.

(12.1) I: How confident are you in you answer?

(12.2) S5: Pretty confident.

(12.3) I: What makes you confident?

(12.4) S5: I don’t know. It seems pretty straightforward.

(12.5) S5: That if you’re inputting a and b and they’re equal to each other, that c is b,

which is equal to a.

S5’s statements suggest the resource identifier as value is active during their evalua-

tion of Problem 1. S5 successfully interpreted the include, declaration, and standard input

45



statements leading up to the swap, but they mistakenly interpreted the swap as setting the

variables as equal to one another. That this results from activation of identifier as value

is suggested by their interpreting of the program as stating 7 = 2. The identifiers a and b

are replaced by the values 7 and 2. I distinguish this resource from assignment as equality

because, unlike S0, S5 did not seem to believe the statement would cause an error.

I conclude that the resource identifier as value is activated throughout S5’s interpreta-

tion of Problem 1. Additionally, I suggest that this resource remains activated because it

supports a satisfying narrative for a subset of possible inputs to Problem 1. In S5’s final

statement, they imply the program is straightforward for cases where the user submits equal

values of a and b. In these cases, identifier as value is productive. Why S5 did not find it

sufficiently problematic that the program appears to state propositions like 7 = 2 for other

cases is not clear.

When asked to evaluate Problem 2 (see Section 3.4.2), S5 began by describing the

program’s behavior line-by-line. However, as they begin describing the behavior of the

statement x = number in relation to the condition x < number, S5 doubted their under-

standing of the assignment operator.

(13.1) S5: While it [number] doesn’t equal negative one, then it [x] equals less than zero

[in reference to x < number].

(13.2) S5: But then it says zero equals number, and I’m back to my same problem where

I don’t know what the equals sign means.

Note that S5 omitted the statement std::cin >> number and misinterpreted the semantics

of the statement if (x < number) in this episode. Hence, they appeared to believe the

statement (x < number) sets the value of x to be less than number, which they believed

is still zero. Despite this, S5 continued describing the program’s behavior. S5 concluded

their description by stating the program will print the integer most recently submitted to the

program.
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(14.1) S5: So, the [variable] number does not equal negative one, yeah? Because the

[variable] number is zero.

(14.2) S5: So, while the [variable] number does not equal negative one, x, which is zero,

is less than the [variable] number.

(14.3) S5: x equals number.

(14.4) S5: And then, you’re going to input another number, and it’s just gonna print that

number back out to you.

Note that S5 misinterpreted the semantics of the while construct during this episode. Ear-

lier, they remarked that the loop would repeat at least once, but it is unknown why they

appear to arbitrarily terminate the loop during their explanation here.

S5 readily describing the program’s behavior line-by-line suggests that they believe,

or act as if, knowledge of a program is constructed line-by-line. This contrasts with the

naturalistic epistemology of experts, who tend to construct interpretations of programs as

if knowledge were built by recognition and composition of multi-line patterns of code.

From this, I conclude that the resource knowledge is incremental was active in S5’s con-

ceptual ecology during their interpretation. Additionally, S5’s interpreting of the statement

std::cout << x as printing the value most recently submitted to the variable number in-

dicates they believe the assignment operator “links” the values of its two operands. That

is, they believe mutating number mutates x. From this, I conclude S5 used the resource

assignment as transitive to evaluate the program.

S5’s change from identifiers as values to assignment as transitive suggests some feature

of the problem context deactivated and activated these resources, respectively. I hypothesize

this occurred because the resource identifier as value was not productive when interpreting

assignment operations across time, as required by the existence of the while operator. Re-

peated executions of the statement x = number coupled with the initial initialization of x to

zero and printing of x suggested to S5 that x had to change. Thus, assignment as mutation

activated to accommodate change, with assignment as transitive following closely.
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4.3 Summary

In this chapter, I first described the knowledge resources novice computer science students

possess as they enter CS1 classrooms. I then described how these resources structured

novices’ practice in program design, generation, and evaluation. In particular, I found that

novices enter CS1 classrooms with manifold conceptions of the assignment operator and

dispositions for how knowledge is constructed in program design, generation, and evalua-

tion. Participants’conceptions of assignment most prominently affected how they evaluated

programs, but which conceptions they used varied problem-by-problem. This suggests con-

textual features of the problems influenced the activation of different assignment resources.

Participants’ dispositions for how knowledge is constructed most prominently affected how

participants satisfied themselves with their explanations of how a program’s design, syntax,

or behavior met a specified design, pseudocode, or question prompt.

Two knowledge resources were constant across participants’ design, generation, and

evaluation of programs. Assignment as change was observed in all problems, though its

observation in Problem 1 is credited to one participant, S1, demonstrating a canonical inter-

pretation of the assignment operator. However, this suggests participants largely understood

the assignment operator as changing values but features of Problem 1 constrained their in-

terpretation such that assignment as equality dominated. The second constant resource was

knowing is incremental. I hypothesize its constant presence is owed to the fact that partici-

pants are novices, so they are obligated to construct and evaluate programs token-by-token

and line-by-line. The success of this strategy was contingent on their knowledge of the

semantics of individual tokens or lines.
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CHAPTER V: Conclusion

In this thesis, I demonstrated computer programming novices possess a diversity of con-

ceptual resources at the start of a Computer Science I course. In particular, I showed the

following.

1. Computer science novices enter Computer Science I courses with conceptions for

knowledge in and about programming and many, competing conceptions about as-

signment.

2. Computer science novices apply these conceptions to incrementally build knowledge

claims about programs but fail to construct holistic summaries of programs and prob-

lem statements with appropriate semantics for syntax elements.

The implications of these findings are as follows but expanded on below. First, the fact

that novices enter computer science with intuitions about when an explanation of a pro-

gram’s behavior is satisfactory suggests a target for instruction. If instructors can impress

on novices expert-level criteria for explanations of programs, novices may more effectively

engage in their learning by seeking resources or justifications for appropriate explanations.

Second, the existence of many conceptual resources about the assignment operator implies

a similar suite of resources for other syntactical elements, which may similarly be targets

for instruction.

5.1 Discussion

Learning to program is, of course, notoriously difficult. Yet, programming is rapidly becom-

ing an in-demand skill for not only economic purposes but also for effectively participating

in the democratic life of an increasingly technological world. As a result, numerous theories

and models of programming as an activity and a thing to be learned have been proposed to
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ease computing instructors and learners’ difficulties. In particular, computer science edu-

cation researchers have proposed learning to programming generates misconceptions that,

if left uncorrected, complicate the learning process (Qian & Lehman, 2017).

However, misconceptions-focused research risks obscuring the competencies of novice

programmers and provide little traction for design-based computing education researchers

(Danielak, 2019; Nelson & Ko, 2018). Further, computing education researchers have in-

creasingly argued for domain-specific theories of learning and cognition in computer sci-

ence (Szabo & Sheard, 2022; Tedre & Pajunen, 2022). This thesis builds on these ideas by

asking: What would would a computing-specific theory of novices’ programming knowl-

edge and practice look like? In surfacing a model of computer science novices’ intuitions

about knowledge of and about programs and varying conceptions of the assignment oper-

ator, I believe this thesis provides a preliminary answer.

First, such a theory can objectify the kinds of knowledge used and required to program

and track their use in learners’ programming practice. This is an extension of prior work

attempting to synthesize the kind of knowledge needed to program (Robins et al., 2003),

but it also raises the possibility of extending more precise, discrete theories of program-

ming knowledge. For example, Nelson (2021) observed that all compilers and interpreters

for programming languages encode exactly the kind of knowledge needed to evaluate pro-

grams: rules of execution and mappings between a programming language’s syntax, se-

mantics, and a program’s state. This theory of knowledge enabled Nelson to systemati-

cally develop instruction and assessments that taught and tested learners at a granular level.

However, Nelson conceptualized this knowledge in terms of how it might appear among

experts, so it is not clear how such knowledge might be conceived or used by novices —

nor how novice-level knowledge might change into expert-level knowledge. This thesis,

in identifying novices’ various conceptions of assignment and tracking their use in pro-

gram evaluation, suggests that this knowledge works to explain program behavior locally

or line-by-line rather than as a coherent whole. Additionally, as learners’ conceptions of
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assignment may constitute “rules of execution,” this thesis may serve as the basis of future

work seeking to form a continuity between novices’ rules of execution and those observed

in the compilers and interpreters of programming languages.

Second, such a theory can admit a diversity of knowledge elements in its descriptions

of novice programming practice and thereby recast misconceptions as potentially produc-

tive conceptions. Again, this is an extension of prior work attempting to identify conceptual

resources among programming novices (Chao, 2012; Lewis, 2012), but little emphasis has

been given to how such diversity can account for novices’ misconceptions. In this the-

sis, I gave particular emphasis to how resources could lead to productive and unproductive

emergent models of programs and programming languages. This emphasis opens the door

to how an environment’s conceptual dynamicsmay influence novices’dynamic conceptions

of disciplinary content (Sherin et al., 2012). Chao et al. (2018) has explored these dynam-

ics in the context of program recursion and assessments, but this thesis sheds insight into

how these dynamics might be conceptualized for general program design, generation, and

evaluation. Thus, this thesis may serve as a basis for further inquiry regarding how problem

contexts affect novices’ construction of productive conceptions or misconceptions, inform-

ing instructional design while sustaining their existing competencies.

Finally, such a theory can provide targets for instruction. If aligned with the kind of

systematic, granular assessment performed by Nelson (2021), a resource-based theory of

computing knowledge and cognition enables instruction to target the activation and coor-

dination of such resources. Based on this thesis’ findings, “correcting” students’ miscon-

ceptions must amount to more than telling them they are wrong and detailing the correct

conception. Correction must acknowledge that students’ conceptions are perceived as use-

ful and target these conceptions within that perspective. Further, this work may serve as

the basis for design-based research of instruction. If students’ construction of assignment is

partly determined by the programs they are reading, what would it look like to structure a

learning module acknowledging this? How might learning occur if the example programs
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novices encountered were carefully curated to support only canonical constructions of as-

signment? Future work marshalling the resources discussed here in concert with similar

resource-based work in the computer education research community may shed insight on

these questions.

5.2 Limitations

A central limitation of this study is quality and quantity of the interviews. Though six in-

terviews has been named the minimum for data saturation in qualitative research (Guest

et al., 2006), it is likely additional interviews would have provided a greater diversity of

student thinking. Further, five out of six participants were recruited from the same class.

Greater variation in and size of the participant population would have demanded greater co-

hesion across my analysis, strengthening the applicability and extendability of my results.

In addition, though researchers in the Knowledge in Pieces tradition have argued for the

ecologically validity of clinical interviews (diSessa, 2007), it is likely presenting partici-

pants interview tasks without access to a text editor and compiler or interpreter prevented

them from deploying resources they ordinarily would in their practice (Litherland & Kluge,

2023). Thus, this study neglects a crucial dimension of novice programmers’ knowledge

and strategies.

This study is also limited by the duration and quality of my analysis. Qualitative anal-

yses situated in Knowledge in Pieces or resource theories of cognition and learning often

require either extending extant theories or building new theory. Generating or extending

theory that is both accountable to the data and described well enough to be extended by

others requires time. In particular, it requires prolonged immersion in, negotiation with,

and rigorous interpretation of the data (Parnafes & Disessa, 2013). The conceptual re-

sources presented here may require additional development, as their current formulations

may change given time not permitted by the timeline of this thesis project.
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Finally, this study is limited by lack of insight into participants’classrooms. Knowledge

of participants’ lectures, closed lab assignments, and homework would have revealed the

contexts in which participants learned about program execution, assignment, conditionals,

and control structures. This contextual knowledge could have supported inferences as to

why participants possessed and deployed the conceptual resources they did, strengthening

the educational implications of this work.

5.3 Future Directions

The limitations listed above immediately raise opportunities for future work. Such work

should seek a greater diversity of novice computer science undergraduates for the purpose

of building and testing theories about novice learning and cognition. Further, as such theo-

ries develop, future work should seek to integrate them with accounts of computer science

undergraduates’ cognition in higher level courses, such as those involving compiler design

or software development. Additionally, future work should seek to extend extant learn-

ing theory within and without the computer science education community; if extension is

deemed inappropriate, future work should discuss why their theory is better suited. Finally,

future work should relate their analysis to the happenings of participants’ classrooms.

There are also broader areas for future work. For example, greater insight into novices’

conceptual change in regards to the assignment operator may be gleaned if clinical inter-

views were repeated throughout the semester. If paired with an analysis of the happenings

of the classroom, this work may inform our understanding of the conceptual dynamics of

the classroom in contrast with interview settings. Such an understanding would not only

inform instructors’ understandings of novices’ concepts and cognition but also researchers’

understandings as they analyze interviews.

Future work may also explore the relationship between novices’ conceptions and the

programming language with which they are learning computer science. Here, I do not note

the differences between C++ and Python, but programming languages present different syn-
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tax and semantics for the same symbols and, ultimately, present contrasting models of the

computer to programmers (Fincher et al., 2020). Prior work has identified that novices

possess conceptions of how solutions might be expressed in programming languages (Pane

et al., 2001), and other work has posited misconceptions may emerge from a mismatch

between these conceptions and the tools presented by a programming language (Soloway

et al., 1983). A program of research uncovering the relations between novices’ conceptions

and the introductory programming language may support future research into the design

of educational programming languages. In total, such a program would support the re-

structuration of introductory computer science, as a programming language designed for

novice’ conceptions would not merely be teaching computer science better but changing

what is taught to novices (Wilensky & Papert, 2010).
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APPENDIX A: Recruitment Materials

1.1 Survey

About You

1. Your name:

2. How old are you?

3. What is your major(s)?

4. What is your minor(s)?

5. Contact Information (Please list an email or phone number you check regularly.

This will be used to contact you when scheduling the interview.)

Programming Experience

4. How did you first learn to program? Please select only one option.

(a) 2 In a class in or before high-school.

(b) 2At a job.

(c) 2 Self-taught before my Computer Science course(s).

(d) 2 Right now, in my Computer Science course(s).

(e) 2 Other (please describe)

5. What programs have you written outside of your Computer Science courses(s)?

Describe what they do in detail. Write N/A if you have not written any programs

outside of your Computer Science course(s).
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6. Are you proficient at writing programs in the Python programming language?

Please select only one option.

2 2 2 2

Not at all Somewhat Slightly Very

7. Are you proficient at writing programs in the C++ programming language?

Please select only one option.

2 2 2 2

None at all Somewhat Slightly Very

8. Aside from Python and C++, what other programming languages are you profi-

cient in? Indicate yourproficiency as either “Not at all,” “Somewhat,” “Slightly,”

or “Very.”
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1.2 Screening Rubric

Inclusion Exclusion

Question 4 Selects either (c) or (d), or answer

to (e) indicates no or minimal pro-

gramming experience.

Selects either (a) or (b), or answer

to (e) indicates extensive or formal

programming experience.

Question 5 Leaves answer space blank or writes

exactly or variant of “N/A”.

Or description of programming

project(s) includes only CS1-level

terminology, data structures, or

algorithms, such as “function”,

“list”, or “find the minimum”.

And nature of described program-

ming project(s) requires the use of

only CS1-level computer science

concepts, such as program arith-

metic, conditionals, printing, or it-

eration.

Description of programming

project(s) includes computer sci-

ence terminology, data structures,

or algorithms reserved for post-CS1

computer science courses, such as

“selection sort”, “stacks”, “concur-

rent”, or “relational database”.

Or nature of described program-

ming project(s) requires the use

of post-CS1 computer science

concepts, such as bit-string ma-

nipulation, concurrency, relational

databases, or parsing.

Question 6 Selects either “None at all” or

“Somewhat”.

Selects either “Slightly” or “Very”.

Question 7 Selects either “None at all” or

“Somewhat”.

Selects either “Slightly” or “Very”.

Question 8 Either lists no languages or descrip-

tion of proficiency in any listed lan-

guage is either “None at all” or

“Somewhat”.

Description of proficiency in any

listed language is either “Slightly”

or “Very”.

Table A.1: A rubric to determine whether a survey participant may be invited to partici-

pate in a compensated task-based interview. A participant is included when their answer

to survey questions 4, 5, 6, 7, and 8 fulfill all criteria under the “Inclusion” column. A

participant is excluded when their answer to survey questions 4, 5, 6, 7, and 8 fulfill one or

more of the criteria under the “Exclusion” column. If the description of the programming

project(s) indicate language proficiency lesser or greater than the language proficiencies

listed in questions 6, 7, or 8, participants may be included or excluded accordingly.
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1.3 Sorting Rubric
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More Indicative of Novice Less Indicative of Novice

Question 4 Selects (d) or answer to (e) indicates

no programming experience.

Selects either (a), (b), or (c), or an-

swer to (e) indicatesminimal, exten-

sive, or formal programming expe-

rience.

Question 5 Leaves answer space blank or writes

exactly or variant of “N/A”.

Description of programming

project(s) includes computer sci-

ence terminology, data structures,

or algorithms reserved for CS1

or post-CS1 computer science

courses, such as “function”, “list”,

“recursion”, or “concurrency”.

Or nature of described program-

ming project(s) requires the use of

CS1 or post-CS1 computer science

concepts, such as program arith-

metic, iteration, bit-string manipu-

lation, or parsing.

Question 6 Selects “None at all”. Selects either “Somewhat”,

“Slightly”, or “Very”.

Question 7 Selects “None at all”. Selects either “Somewhat”,

“Slightly” or “Very”.

Question 8 Leaves answer space blank, does

not list any languages, or descrip-

tion of proficiency in any listed lan-

guage is “None at all”.

Description of proficiency in any

listed language is either “Some-

what”, “Slightly” or “Very”.

Table A.2: A rubric to determine the order in which survey participants may be contacted

for invitation to participate in a compensated task-based interview when there are more than

6 qualified survey participants. Participants whose answers to survey questions 4, 5, 6, 7,

and 8most meet the criteria under the “More Indicative of Novice” columnwill be contacted

first. For example, a participant whose answers to survey questions 4, 5, and 8 match the

criteria for “More Indicative of Novice” but 6 and 7match the criteria for “Less Indicative of

Novice” will be contacted before a participant whose answers to survey questions 5 match

the criteria for “More Indicative of Novice” but 4, 6, 7, and 8 match the criteria for “Less

Indicative of Novice”.
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APPENDIX B: Interview Tasks

2.1 C++ Tasks

1. Consider the below program. What does the program do?

1 #include <iostream>

2

3 int main() {

4 int a;

5 int b;

6

7 std::cin >> a;

8 std::cin >> b;

9

10 int c = a;

11 a = b;

12 b = c;

13

14 return 0;

15 }
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2. Consider the below program. What does the program do?

1 #include <iostream>

2

3 int main() {

4 int x = 0;

5

6 int number = 0;

7 std::cin >> number;

8 while (number != -1) {

9 if (x < number) {

10 x = number;

11 }

12

13 std::cin >> number;

14 }

15

16 std::cout << x;

17

18 return 0;

19 }
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3. Implement the below algorithm as a program.

1 read in a number N

2

3 initialize number P

4 set P equal to 1

5

6 initialize number J

7 set J equal to 1

8

9 repeat the following until J is greater than N:

10 set P equal to P multiplied by J

11 increment J by 1

12

13 print P
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4. Design and implement a program reading integers from standard input until the value

99,999 is encountered. Print the average of the integers encountered before 99,999

to standard output. Ensure your program works for all inputs.
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5. Aubrey, a CSCI 1170 student, was asked to design and implement a program accord-

ing to the following prompt.

Design and implement a program reading integers from standard input

until the value 99,999 is encountered. Print the average of the integers en-

countered before 99,999 to standard output. Ensure your program works

for all inputs.

Below is the programAubrey designed and implemented. Why is Aubrey’s program

correct/incorrect?

1 #include <iostream>

2

3 const int SENTINEL = 99999;

4

5 int main() {

6 int total = 0;

7 int count = 0;

8

9 int number = 0;

10 bool no_sentinel = true;

11

12 std::cin >> number;

13 while (no_sentinel) {

14 total += number;

15 count += 1;

16

17 if (number != SENTINEL) {

18 std::cin >> number;

19 } else {

20 no_sentinel = false;

21 }

22 }

23

24 int average = total / count;

25 std::cout << "Average: " << average << std::endl;

26

27 return 0;

28 }
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2.2 Python Tasks

1. Consider the below program. What does the program do?

1 a = int(input())

2 b = int(input())

3

4 c = a

5 a = b

6 b = c
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2. Consider the below program. What does the program do?

1 x = 0

2

3 number = int(input())

4 while number != -1:

5 if x < number:

6 x = number

7

8 number = int(input())

9

10 print(x)
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3. Implement the below algorithm as a program.

1 read in a number N

2

3 initialize number P

4 set P equal to 1

5

6 initialize number J

7 set J equal to 1

8

9 repeat the following until J is greater than N:

10 set P equal to P multiplied by J

11 increment J by 1

12

13 print P
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4. Design and implement a program reading integers from standard input until the value

99,999 is encountered. Print the average of the integers encountered before 99,999

to standard output. Ensure your program works for all inputs.
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5. Aubrey, a CSCI 1170 student, was asked to design and implement a program accord-

ing to the following prompt.

Design and implement a program reading integers from standard input

until the value 99,999 is encountered. Print the average of the integers en-

countered before 99,999 to standard output. Ensure your program works

for all inputs.

Below is the programAubrey designed and implemented. Why is Aubrey’s program

correct/incorrect?

1 SENTINEL = 99999

2

3 total = 0

4 count = 0

5

6 number = 0

7 no_sentinel = True

8

9 number = int(input())

10 while no_sentinel:

11 total += number

12 count += 1

13

14 if number != SENTINEL:

15 number = int(input())

16 else:

17 no_sentinel = False

18

19 average = total // count

20 print("Average:", average)
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