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Computing education has growing inclusion and equity challenges (e.g. exclusionary online learn-

ing experiences, biased assessments, inadequate student feedback mechanisms). Many groups ex-

perience minoritization in computing education, including students who are Black, Indigenous, and

people of color (BIPOC), women, non-binary students, transfer students, international students,

first-generation students, and students with disabilities. To ensure diverse students can realize their

potential to participate in and challenge computing communities, we must enable stakeholders (e.g.

students, teachers, curriculum designers) to take informed, timely, and equitable actions. This dis-

sertation explores how to design interactions with data to inform stakeholders in support of such

actions.

While data often perpetuates and exacerbates inclusion and equity challenges when improp-

erly used, it can also support equity-oriented goals if properly contextualized for interpretation by

stakeholders. I explored how stakeholders interpreted data in three contexts: 1) informing students

of what to learn next in an adaptive, self-directed online learning experience; 2) informing cur-

riculum designers with empirical evidence of assessment bias; 3) and informing teaching teams

of inequities using contextualized student feedback. Through these studies, I identified how stake-

holders’ relationships with educational structures and systems impacted their interpretations of data

for equity-oriented goals. These factors have implications to the research and practice of learning

at scale, computing education, and human-computer interaction. Therefore, I claim the following



thesis statement:

Interactions with data that consider prior knowledge, perceptions of power relationships,

and cultural competency can enable computing education stakeholders to connect their in-

terpretations of data with their domain expertise in service of equity-oriented goals.
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GLOSSARY

AGENCY: A learner's capacity to de�ne and pursue learning goals [14]. Learners may exert
agency by choosing to use one tool to learn over another, to study a speci�c topic, to try
a certain exercise, to review some instruction, or to decide they know enough and quit.
Exerting agency is required to make decisions.

BIPOC (BLACK, INDIGENOUS, AND PEOPLE OF COLOR):A commonly used phrase and acronym
that refer to ethnic groups that computing communities and societal structures often bias or
disadvantage against. While popular in usage, this terminology is not without problems.
In particular terms such aspeople of colorcan be considered harmful [301] and often am-
biguous. For example, it is ambiguous whether BIPOC includes people who are Asian and
Paci�c-Islander. I use BIPOC to prioritize common understanding and familiarity without
further explanation (e.g. when showing teaching teams demographic data with StudentAmp
in Chapter 5). But I prefer to use more speci�c language when there are opportunities for
stakeholders to become familiar with the term. For example, I refer to African/Black, His-
panic/Latinx, Native/Indigenous, and Paci�c-Islander/Alaskan Native (AHNP) to refer to
ethnic groups that are often minoritized when working directly with curriculum designers to
interpret data on DIF in Chapter 4.

BIAS: Systematic favoring of certain (often dominant) groups over other (often minoritized) in
a socially situated context. Types of bias includepreexisting biasesthat have roots in social
institutions, practices, and attitudes;technical biaseswhich arise from technical constraints
or design decisions; andemergent biaseswhich arise in a context of use [113].

CRITICAL: An stance that seeks to understand how dominant ideologies become infused in
social norms, ultimately allowing systems and ideologies of oppression to occur [273].

COMPUTING EDUCATION RESEARCH:How people learn and teaching computing, broadly con-
strued [162]. Within this dissertation, I investigate include data science within the domain
of computing education and investigate it at the K-12 (secondary) and university (post-
secondary) level.

DATA: Arti�cial constructs that re�ect decisions and biases of people who created and use them
[305]. Within this dissertation, data I consider include log data of learners' past actions on

vi



an online learning system, performance on assessments, student demographics, challenges
students report, and students' perceptions of classmates' challenges.

DISPARITY: Unjust or unfair differences, typically implying the need to address these differ-
ences. This dissertation considers educational disparities, which may result from differential
or biased treatment of students from minoritized groups, differences in preparatory privilege,
and different responses to educational systems or different sets of educational needs [234].

DIVERSITY: Which demographic groups are and are not represented or included in various
spaces and practices [172]

EQUITY: Improving access and supporting successful participation and achievement of diverse
students learning computing [172]. Whereas equality might require equal access, equity re-
quires equalizing outcomes [274]. The may necessitate unequal inputs to addressing dispar-
ities that arise from structures and norms failing to include or serve students of minoritized
groups.

INTERPRETATION (OF DATA): Making sense of data through a complex intersection of implicit
beliefs that re�ect broader social discourses [23]. In this dissertation, I consider how prior
knowledge, perceived power relationships, and cultural competence affect the formation of
stakeholders' beliefs and experiences in the process of interpreting and making sense of data
to consider equity-oriented actions.

LEARNING: A process in which learners can realize their human dignity and potential (to par-
ticipate in existing systems, challenge oppressions) without enduring a process of dehuman-
ization. Learning computing provides learners with an opportunity to engage with powerful
tools that they can use to unseat individual and collective social oppressions. Adapted from
[282].

MINORITIZED: Groups that are not positively privileged or favored and often stigmatized. In
computing education, they include students who are women, non-binary, African-American/Black,
Hispanic/Latinx, Native American/Indigenous, Paci�c Islander, transfer students, not �uent
in English, and/or �rst-generation, as well as students who have disabilities and/or have �-
nancial or familial responsibilities. Systemic cultures and norms tend to favor dominant
groups and disadvantage minoritized groups.

STAKEHOLDER: Any group or individual who can affect or is affected by the achievement of
objectives related to computing education. Stakeholders are de�ned by and understood in
relationship to their interaction with a technology or sociotechnical system [112]. Adopted
from the framing of stakeholders from Value Sensitive Design [90, 112].
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VALIDITY: An evaluation of coherence and completeness of an argument for a given stake-
holder to interpret and use data within a given sociopolitical context. This is a situated
framing of Kane's framing of validity in psychometrics literature [148, 149, 150].
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Chapter 1

INTRODUCTION: OPPORTUNITIES AND RISKS OF WIELDING DATA

The representations we make up often take on realities of their own. In the 1930s, Otto G.

Lindberg and Ernest Alpers of General Drafting Co. were creating a road map of New York state

[213]. To prevent competing companies from copying their maps, they created the �ctitious place

of “Agloe,” as shown in Figure 1.1A. The idea was that if anybody else produced a map with Agloe

on it, Lindberg could sue them for copying their map. Fast-forward two decades and sure enough,

the map company Rand McNally produced a New York state map that included Agloe. But when

Lindberg tried to sue for copyright infringement, Rand McNally lawyers defended themselves by

saying that Agloe actuallydid exist. Because somebody had seen Agloe on a map, realized nothing

was there, and built the Agloe General Store (Fig 1.1B). And while nothing exists at that location

after the Agloe General Store closed decades ago, Algoe appeared on road maps as recently as

the 1990s, and on the United States Geological Survey (USGS) Geographic Names Information

System and Google Maps in 2014. The made-up data that was Agloe, NY took on a reality of its

own.

Data are powerful not just because they are abstract representations of reality, but also because

they take on realities of their own. The fake location of Agloe is an innocuous example of this

phenomenon. But when data relate to people and their wellbeing, the stakes are higher. We have

seen that the decisions we make when we produce, sample, analyze, model, interpret, and use data

lead to a “coded gaze” where the views of the select few who have the power to develop systems

propagate throughout society [37]. As a result, many groups �nd themselves being excluded in

a data-de�ned society. We have already seen examples of data exclusion and the consequences:

The 2020 US census only asks about biological gender, excluding non-binary, trans, and gender

non-conforming people from being considered in government decision-making; facial recognition
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Figure 1.1: How a representation becomes a reality of its own: The �ctitious town of Agloe, NY
was originally created to protect a map from copyright infringement (A). But then it became a
reality (B). ©Booklist/ American Library, Joyce Conroy

datasets are predominantly of white men, resulting in diminished classi�cation accuracy for darker

skin and the false arrest of a Black man in Detroit [217, 242]; comparisons of academic perfor-

mance by race (typically with white, non-Hispanic students as the baseline) cannot consider con-

textual factors that impact achievement, resulting in a de�cit framing for students who are Black,

Indigenous, and People of Color (BIPOC).

1.1 Context of study: equity in computing education

Within the context of computing education, a boom in interest and enrollment resulted in the

use of more scalable data-driven technologies to support learning experiences. Examples include

online learning platforms to make remote learning more feasible [298], intelligent tutoring sys-

tems that use data from other students' performance to personalize and adapt learning experi-

ences [304, 144], and auto-graders to make evaluating assessments more ef�cient [73]. But these

learning experiences are often either standardized to serve the majority or trained on data from

students of dominant identity groups (e.g. able white and Asian men). As a result, these experi-

ences will typically fail to serve and even harm students in minoritized groups, groups that have
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been excluded or isolated because of societal structures (e.g. systemic racism, exclusions, oppres-

sion) [238, 239]. Examples of minoritized groups include Black, Indigenous, and People of Color

(BIPOC), LGBTQ+, and people with physical, cognitive, and social disabilities. So while using

data-driven tools can help scale learning and engage a broader audience, it can also exclude, harm,

and oppress learners in hidden ways.

Formal education in computing is the primary pathway for participation in the computing

community, yet formal computing courses face persistent diversity, equity, and inclusion issues

[143, 296]. In part due to the growing demand for computing skills in the workforce, enrollment

numbers in computing majors have surged recently, straining the capacity of instructors to scale

teaching [209]. Despite their popularity, computing courses still face challenges retaining and sup-

porting diverse students in both high school [94] and college [278, 296, 319]. This results in the

loss of diverse potential contributors to the computing �eld [209] and raises social justice issues

around who can access and engage with computing communities [163, 257, 258].

Improving equity would require not just improving access to computing education, but also

supporting successful participation and achievement by diverse students learning computing [172,

105]. Structural and systemic inequities embedded in and around computing courses can mani-

fest as barriers to participation (e.g. unconscious bias of instructors excluding students of color

from successful participation [244]), affect students' sense of belonging and identity (e.g. instruc-

tional materials promoting gender bias [197]), and exacerbate existing disparities in privilege (e.g.

students cannot synchronously engage with instructors and other classmates because of timezone

differences, work commitments, or familial responsibilities [311, 204]) [172]. Inequities arise

when structures and norms fail to include or serve students of minoritized groups, such as students

who are African-American/Black, Hispanic/Latinx, Indigenous/Native American, Paci�c Islander,

women, non-binary, �rst-generation, transfers, and/or are part of other groups that not dominant

within computing communities.

This challenge of broadening participation in computing education requires informed, timely,

and equitable action. Stakeholders such as students, instructors, and curriculum designers must

have training in culturally responsive practices that connect diverse learners' identities to learning
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experiences by framing them as assets [244, 257, 289]. And with this development of cultural

competence [297] must come changes to practices at a systemic level (e.g. changes to student out-

reach and admissions, recruiting of instructors [187]) as well as at class and individual levels (e.g.

instructors diversifying or debiasing educational materials they use [197], instructors and students

considering how unconscious bias affects their actions [244]). Given the booming enrollment and

interest in computing, especially with a growing public awareness of how computing dispropor-

tionately harms minoritized groups (e.g. [134, 5]), there is a need to take informed and timely

action to make learning computing a more equitable experience.

Data can help inform and enable timely action by substantiating nuanced patterns related to

disparities and bias so we can consider how to appropriately adjust resources [231]. While equity

is a goal that is typically too complex and situated to easily measure with data [305], it cannot exist

without �rst analyzing data to understand existing disparities and biases [231]. Data can measure

the existence and extent of disparities and biases, but judgement is required to interpret and act on

data-related �ndings [313]. So enabling stakeholders with domain expertise to interpret and use

data can help them take more informed, timely, and equitable action.

1.2 Research studies: Design explorations into how stakeholders interpret data

This dissertation explores how to design experiences that enable stakeholders (students, teachers,

curriculum designers) to interpret and use data to support equitable learning experiences in com-

puting education. I explore this within three domains:

1. Affording and informing agency inself-directed online learning environmentsto support

learners of varying levels of self-ef�cacy. (Chapter 3)

2. How contextualizing data onassessmentbias with curriculum designers' domain expertise

can support equitable assessment and curriculum improvements. (Chapter 4)

3. How contextualizingstudent feedbackwith demographic information and peer perspectives

can help instructors of large computing courses become aware of challenges that students
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from minoritized groups face while preserving student privacy and sense of belonging. (Chap-

ter 5)

1.3 Implications & contributions to learning analytics and computing education research
communities

While data-driven techniques (e.g. statistical and machine learning) bene�t from clearly de�ned

dichotomies and independent features which purport to re�ect all relevant information, stakehold-

ers' identities are �uid, intertwined in intersectionality, and responsive to an everchanging context.

That is to say that the quantitiative methods rely on static, isolated, and easily measureable features,

but learners and their environments are dynamic, situated, and not easy to quantify [115]. This lack

of alignment suggests that to support equity-oriented goals, we must design ways to enable direct

stakeholders to interpret data by connecting it to their domain expertise. This has implications to

learning analytics/learning at scale and computing education research communities.

• Learning analytics/learning at scale: Traditionally the learning analytics and neighboring

research communities (e.g. Learning Analytics and Knowledge, Learning at Scale) has

wielded quantitative methods in their use of data to understand and model learning expe-

riences. But they have struggled to support equitable learning experiences [239] and “close

the loop” by making data-driven insights actionable [51]. This dissertation makes steps to-

wards using data for equitable action by contributing a framework and design explorations

with empirical evaluations that inform the design of interactions with data that enable stake-

holders to interpret data in support of equity-oriented goal.

• Computing education: Computing education research has used data to identify unequal dis-

parities in participation and learning outcomes (e.g. [248]) and conducted investigations of

equity where researchers were the interpreters of data (e.g. [237]). But it is still an open

question how data may inform equity-oriented goals, which are more more socially situated.

This dissertation contributes a framework and design explorations that consider a new ap-

proach to supporting equity-oriented goals in computing education that positions situated
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stakeholders as interpreters of data.

My dissertation explores how to design interactions with data to support equity-oriented goals

by bridging the gap between data and domain expertise and having stakeholders (e.g. students,

teachers, curriculum designers) be the interpreters of data. Using data for equity-oriented goals re-

quires us to connect interpretations of data with people's prior beliefs and experiences. Considering

data for equity-oriented goals is challenging because it often requires stakeholders to consider data

that deviates from their perceived norms. So we must consider these perceptions when we design

interactions with data. Otherwise, stakeholders will tend to disregard the data.

Across my three design explorations, I have identi�ed three factors that we must consider when

designing interactions with data for equity-oriented goals:relevant prior knowledge, perceptions

of power relationships, andcultural competence[72, 297].

This dissertation demonstrates the following thesis statement:

Interactions with data that consider prior knowledge, perceptions of power relationships,

and cultural competency can enable computing education stakeholders to connect their in-

terpretations of data with their domain expertise in service of equity-oriented goals.

1.4 Dissertation outline

In Chapter 2, I provide background information to situate my dissertation. This includes sharing

my theoretical foundation of critically probelmatizing existing norms, describing the context of

minoritized groups and equity in computing education, describing the expanding use of data in

educational contexts through learning analytics, and �nally sharing my unifying framework of

factors to consider when designing for interpretations of data for equitable computing education.

In Chapter 3, I describe a design exploration to support learners of varying levels of self-ef�cacy in

self-directed online learning by affording and informing agency. In Chapter 4, I describe a design

exploration to address assessment bias by having curriculum designers interpret empirical evidence

of potential test bias (Differential Item Functioning) in a collaborative workshop. In Chapter 5, I

describe a design exploration to understand how teaching teams identi�ed inequities in their large,



7

remote, computing courses by interpreting contextualized student feedback. Finally in Chapter 6,

I interpret �ndings from my study as informing future work on the design for interpretations of

data for equitable computing education, �ndings with implications to the learning analytics and

computing education research communities.

1.5 Positionality statement

The research in my dissertation required a reduction of people to the responses they were willing

to share, so I acknowledge my assumptions and values in this section. By doing so, I follow critical

approaches to quantitative methods which require researchers “to engage in critical self-re�exivity

as a necessary �rst step for the long journey of deracializing statistics” [115]. As part of this

process, I de�ne assumptions and commitments that were the foundation of this dissertation.

Firstly, I attempted to approach this research with humility due to my positionality within

many dominant groups of computing and with preparatory privilege. As an English-speaking,

able-bodied, Chinese-American man with advanced degrees in computing from top research uni-

versities, I had been privileged within computing communities [183, 319, 94, 124]. Therefore,

I could not assume that my experiences align with others, especially of those from minoritized

groups. Put simply, I could not design for myself.

I also recognized the power structures and heterogeneity of people within different roles. Di-

rect stakeholders in this research included teaching teams (including faculty members leading the

teaching of a course and teaching assistants (TAs) supporting the teaching), university students,

and K-12 curriculum designers. But even within these groups, there were differences. Faculty

members leading instruction range from tenured research-track faculty who worked for years at an

institution to newer teaching-track lecturers. And TAs were all undergraduate students, but their

experience with the courses they taught ranged from never having taught or taken the course to hav-

ing years of previous experience taking and teaching the course. University students ranged from

full-time students who may or may not have been accepted to their major (admissions to computing

majors is very competitive and not guaranteed as part of admission to the university). Most were

enrolled to take computing courses, but some may have had listener status where they were not
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taking it for of�cial credit. Some transferred from other higher education institutions (e.g. two-

year institutions) with different norms, while others came directly from high school. Curriculum

designers had varying backgrounds and experiences within their organization. A common theme

across all stakeholders: The data we collect is a partial and biased lens into their experiences in a

select few courses as part of a a much larger educational experience.

I also acknowledged the tensions between representing people as data and labels, theinter-

sectionalityof people's identities (students in particular), and ensuring privacy. Intersectionality

denotes the various ways in which ethnicity and gender (and other demographic labels) interact to

shape the peoples' lived experiences [70]. Prior work has found that simplistic labeling of peo-

ple can harm minoritized groups in particular. Labels of demographics (e.g. ethnicity, gender)

academic experience (e.g. year in school, major, transfer or not), and lived experience (e.g. dis-

abilities, familial language) are overly-simplistic. Furthermore, I needed to balance the nuance of

the labels I select between how representative they were to diverse individuals and how anonymous

they were such that others (e.g. instructors) could not map responses back to individuals or small

groups of students. Despite these risks, I believed that stakeholders could still use these labels

in such a way to help stakeholders contextualize data to support equity-oriented goals. Our per-

spectives align with the notion that “race is a measure of a relationship – not an inalterable trait”

[316].

Finally, I acknowledged that models are always wrong in that they never fully re�ect the com-

plex phenomena I want them to represent, but they can be designed such that they are useful in

informing stakeholders of hidden challenges. I framed the work I did as producing simpli�ed mod-

els of complex phenomena such as learning computing, bias in measuring learning, and inequities

in classes. I did not believe that in itself models will help, but they could support conversations,

interactions, and interventions that address the systemic issues I sought to bring to light [59]. The

objective of this dissertation was to explore designs that enabled stakeholders to interpret data

for equity-oriented goals, and that is a �rst of many steps in making learning experiences more

equitable and just.
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Chapter 2

BACKGROUND

To understand how stakeholders' interaction with data can support equity-oriented goals, I

must �rst provide a framng for equity. To do so, I draw upon the �elds of critical data studies

and learning sciences to adopt a critical framing. I apply this critical framing to the context of

computing education, where many groups are minoritized. This critical framing enables me to

contribute to discourse on computing education research by considering a role of data beyond

identifying inequalities and disparities. It also enables me to contribute to discourse on learning

analytics by developing a framework to inform the design of equitable learning experiences at

scale.

2.1 Theoretical Foundation: Critically problematizing dominant structures, systems, and
discourse

To understand how to support equity, we must �rst understand how inequities exist. To do this, I

take a critical stance by stepping back toproblematizedominant historical and cultural norms in

computing education. This follows Michel Foucault's tradition of problematics [107], which has

since been adopted into the method ofproblematizationby James D. Marshall [189].

Problematization frames knowledge within malleable historical and cultural norms that we

should �rst investigate by “stepping back” [189, 107]. Foundational to this methodology is the

relationship between individuals (self) and knowledge. Traditions such as structuralism subscribe

to a notion shared objective knowledge across individuals, but fall short of conceptualizing differ-

ences of individual lived experiences. In contrast, other traditions such as those started by Descrates

emphasized “self-knowledge,” or knowledge of one's own sensations, thoughts, beliefs, and other

mental states [116], but fall short of investigating relationships across people in a society. Foucault
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framed individuals as within historical and cultural norms that can change.

The objective of problematization is to understand thought by stepping away from prior beliefs

and exercising freedom [189]. This method “enables the freedom to detach oneself from what

one does...to establish it as anobject of thoughtand to re�ect upon it as a problem.” It asks

what political, social, and economic contexts have to say about the “problem” with which they are

confronted. Examples of problems include the formation of a scienti�c domain, political structure,

and moral practice. I use problematization as a framing to consider and critically question dominant

systems, discourses, and actions to identify more equitable alternatives. By doing so, we can

consider how to use data to inform stakeholders on who is or is not being served by existing

systems so that they can imagine more equitable alternatives.

2.2 Context: Minoritized groups learning computing face systemic challenges

Within this critical framing, my dissertation explores equity within contexts related to computing

education, the study of how people learn and teach computing, broadly construed [162]. It in-

cludes teaching programming skills for software development or data analysis, learning how to use

computing for creative expression, and how to be conversationally “�uent” within computing com-

munities [47]. In K-12 settings, computing is often taught in dedicated computer science classes,

but there are also efforts to connect computing education with other classes as well [57]. In two and

four year colleges and universities in the United States, computing is not only taught within com-

puter science departments, but also in information science, math, engineering, communications,

and social science departments [101].

While computing is taught in many contexts, there is a prevalence of minoritized groups that

are not typically not dominant within computing communities in the United States (US). Dominant

groups are positively privileged [299], unstigmatized [247], and generally favored by the institu-

tions of society [186], particularly within social, economic, political, and educational systems [88].

For my dissertation, I characterized dominant groups as including white and Asian men who started

or will start college at a four year institution shortly after high school (not transfer students), do

not have disabilities, have little or no �nancial or familial responsibilities, have English �uency,
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and have at least one parent who completed a four year college degree. In contrast, minoritized

groups are groups that are not positively privileged or favored and often stigmatized. They include

students who are women, non-binary, African-American/Black, Hispanic/Latinx, Native Ameri-

can/Indigenous, Paci�c Islander, transfer students, not �uent in English, and/or �rst-generation,

as well as students who have disabilities and/or have �nancial or familial responsibilities. Sys-

temic cultures and norms in computing education tend to favor dominant groups and disadvantage

minoritized groups.

2.2.1 Factors contributing to minoritization in computing education

Computing Education Research (CER) has identi�ed the many social and environmental factors

that contribute to the exclusion and minoritization of non-dominant groups. The following factors

most directly relate to the design explorations in this dissertation:

• stereotypes: A dissociation between self-perception and perceptions of members of com-

puting communities can lead to a reluctance to pursue computing education [86]. A Google-

Gallup survey found that students and parents perceived TV and �lm media to present a

stereotypical image of people in computer science as being white and Asian men wear-

ing glasses [117]. These stereotypes can negatively in�uence girls, Black, Hispanic, and

other students from minoritized groups from engaging and can contribute to stereotype threat

[272, 300]. Nuancing considerations of student identity to go beyond stereotypes is a focal

point in Chapter 5 and the design ofStudentAmp.

• self-ef�cacy: An individual's belief in their ability to succeed in a particular domain [13]

affects their educational and career experiences [25]. Prior work has found many factors

that correlate with self-ef�cacy, including prior programming experiences [235, 158], gen-

der [177], self-assessment [119], metacognitive strategies [177], understanding of program-

ming concepts [235], and sense of belonging [288, 297]. Strategies to improve self-ef�cacy

include peer instruction [315] and culturally responsive teaching [96]. Self-ef�cacy as the



12

foundation of agency relates to the design of theCodeitzonline learning system in Chapter

3.

• college experiences: College experiences such as those at predominantly white institutions

can result in students of minoritized groups (e.g. Black women [237], transfer students [168])

feeling isolated or inadequate [101]. Chapter 5 in particular considers how differences in

experiences of different students at the same institution.

• implicit bias : Implicit or unconscious bias can cause harms to minoritized groups based

on negative stereotypes [122]. Implicit bias can come from instructors (e.g. teachers not

selecting women), peers (e.g. students not wanting to work with an older transfer student),

or even curriculum (e.g. gender bias in computing textbooks [197]) [172]. Approaches to

mitigate implicit bias include online practice spaces as part of professional learning [244].

Consideration of implicit bias comes up in workshops with curriculum designers in Chapter

4 as well as collaborative interpretations of data with teaching teams in Chapter 5.

2.2.2 Framing equity relative to equality, diversity, inclusion, & justice in computing education

Improving equity would require not just improving access to computing education, but also sup-

porting successful participation and achievement by diverse students learning computing [172,

105]. Structural and systemic inequities embedded in and around computing courses can mani-

fest as barriers to participation (e.g. unconscious bias of instructors excluding students of color

from successful participation [244]), affect students' sense of belonging and identity (e.g. instruc-

tional materials promoting gender bias [197]), and exacerbate existing disparities in privilege (e.g.

students cannot synchronously engage with instructors and other classmates because of timezone

differences, work commitments, or familial responsibilities) [172]. Inequities arise when struc-

tures and norms fail to include or serve students of minoritized groups, such as students who are

African-American/Black, Hispanic/Latinx, Indigenous/Native American, Paci�c Islander, women,

non-binary, �rst-generation, transfers, and/or are part of other groups that not dominant within
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computing communities.

Critical to the concept of equity is a consideration of historical injustices. This differentiates

equity from related concepts ofequality and inclusion. Understanding equality or lack thereof

is often a necessary precursor to supporting equity [231]. But efforts to support inclusion may

actually be detrimental to efforts to support equity andjusticebecause they distract from a need

for broader systemic change [137].

Equity goes beyond the related concept of equality. Equality is rooted in the concepts of equal

access and equal opportunities [274]. But equality is limited and insuf�cient because there is a

lack of consideration for historical minoritization. For example, equality might mean students are

admitted into a computing major based on their grades and test scores. But this does not account

for factors contributing to grades and test scores, such as differences in preparatory privilege (e.g.

students with more �nancial resources can afford test preparatory services). Equity goes beyond

equality's framing of equal access and equal opportunity by focusing on equalizing outcomes. Do-

ing so often necessitates unequal corrective measures to adjust for historical social inequalities

[231]. So while equity goes beyond equality, it often cannot exist without �rst assessing inequali-

ties to consider how to appropriately adjust resources [231].

Computing education research has used data to identify inequalities in access and achievement.

To measure progress (or lack thereof) towards equal access and achievement, prior work has looked

to measure access and performance by across demographic groups (e.g. gender, race), economic

groups (e.g. by socio-economic status), and regional groups (e.g. comparing with census data).

This requires data from a broadly deployed instrument, such as a survey or standardized test. For

example, the Computing Research Association (CRA) has conducted large scale surveys to iden-

tify gender differences related to joining and persisting in computing majors [278]. Dr. Barbara

Ericson has used data from the College Board and US Census to explore differences in access and

achievement on AP Computer Science exams by demographics and gender [94]. She and her col-

leagues found that participation amongst reported female, Black, and Hispanic students is low but

pass rate is slightly higher than AP Calculus exams, suggesting limited access but relatively strong

achievement. Identifying disparities can help substantiate the existence of inequalities, but these
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analyses typically do not provide insight as to what actions to take to address these disparities.

Equity also goes beyond the concept ofinclusionby challenging systemic structures. Inclusion

can be problematic as it typically demands that minoritized groups assimilate to existing dominant

norms [93]. As Dr. Ruha Benjamin stated [20]:

...those who design the world according to their own values and biases are employing

the rhetoric of “inclusion” as progressive veneer for deeply discriminatory practices.

Minoritized groups in STEM have experiences that can vastly differ from those of dominant groups

[172], so merely acknowledging cultural differences is often insuf�cient because it does nothing

to seriously challenge dominant norms [17]. Within computing education, Rankin, Thomas, &

Erete identi�ed problems with inclusion as they identi�ed typical experiences in traditional K-12

classrooms, predominantly white higher education institutions, and industry internships as sites of

violence for Black women learning computing [237]. If not also accompanied by restructuring

of existing dominant power structures, discourse around inclusion can fall short and even distract

from equity-oriented goals [137].

Justice is a concept that often goes beyond equity by focusing on systemic changes at the

broader scale of educational reform. Justice typically requires more continuous and systemic

changes that consider how social and political power relationships at individual, classroom, uni-

versity/organizational, and social levels affect students' lived experiences [68]. Advancing social

justice often involves reforming educational policy [3]. Within computing education, Sepehr Vakil

proposed a justice-centric framework that aimed to reform the context of the curriculum by con-

sidering ethics, incorporating the role of intersectional identity into the design of learning environ-

ments [70], and incorporating a political vision rooted in commitments towards transforming and

empowering communities into the purpose of computing education [284, 283].

Whereas justice-centric efforts typically require systemic reform beyond the scope of individu-

als or computing courses, I frame equity-oriented goals as changes that can occur within the design

of computing courses while largely working within constraints of existing institutional norms. Ex-

amples of equity-oriented goals within computing education include improving equity in activities
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such as pair programming [171], addressing gender bias in instructional materials [197], targeted

support for Hispanic students transitioning to remote learning [280], and teacher training to help

address unconscious bias [244].

The work in my dissertation focuses on equity-oriented goals at the scope of individuals learn-

ing computing and achievement or experiences of students within computing courses. While my

�ndings can inform a broader discourse related to justice-centric efforts, these justice-centric ef-

forts are out of the immediate scope of investigation for this dissertation.

There is a plurality of conceptualizations relating to equality, inclusion, equity, and justice, with

different framings serving different groups and contexts. To summarize, here is a concrete example

on changes to enrollment policies that differentiates my conceptualizations of equality, inclusion,

equity, and justice:

• Equality would advocate for a merit-based enrollment policy that prioritized consideration

of seemingly objective measures of academic achievement (e.g. test scores, grade point

average) without consideration of students' positionality relative to dominant structures.

• Inclusion would advocate for more enrollment (“increasing the pipeline”) of minoritized

groups in computing majors to train them to be software engineers at large technology com-

panies.

• Equity would advocate for culturally responsive changes to practices and policies at univer-

sities and technology companies to ensure minoritized groups could recognize their dignity

and potential without enduring dehumanization.

• Justice would advocate for situating computing education in a sociopolitical context and

teaching minoritized groups with goals of justly serving society, its peoples, and their needs

as they saw �t.
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2.3 Learning analytics considers expanding uses of data

Research communities such as ACM Learning @ Scale (L@S) and ACM Learning Analytics and

Knowledge (LAK) have investigated the expanding role of the data to improve learning experiences

and outcomes. I will collectively refer to these efforts to use data analytics to improve human1

learning experiences aslearning analytics.

Learning analytics consists of the design and evaluation of data-driven applications that help

learners improve their behaviors or help institutions manage information regarding learners' progress

[11]. It was originally designed to exploit the growth in the collection of multiple data sources and

typically collects data related to demographics (e.g. self-reported demographics from surveys),

behavior (e.g. digital trace data of student actions), and performance (e.g. responses to tasks or

assessments) to provide targeted interventions [109]. At a high level, learning analytics consists

of a cyclical process of of 1) collecting data related to learning experiences, 2) generating data, 3)

using it produce metrics, analytics, or visualizations, and 4) “closing the loop” by using �ndings to

intervene or change a learning experience [51]. A common critique of learning analytics research

is too great of an emphasis on the �rst three steps of creating robust data-driven models and tools,

and a lack of emphasis on closing the loop with interventions that support learners [51, 12].

A promising future for learning analytics is to support reporting of information for human

intervention [261]. But there are multiple ways to scale reach and empowerment, as designing

for learning at scale could involve scaling throughef�ciency by enabling the same number of

instructors help a larger set of learners (e.g. student feedback tools, automated graders) or by

scaling throughempowermentby enabling a larger number of people assist learners effectively

(e.g. learnersourcing to facilitate scaled peer assessment [74]) [166].

Learning analytics lacks design principles for equitable use and impact. Data-rich technologies

in learning experiences do not inherently disrupt systems of inequity; they often perpetuate them

[109]. And access to learning is necessary but not suf�cient to making learning more equitable.

1The machine learning techniques often uses learning to refer to training a model on data [205]. While learning
analytics often uses machine learning techniques, mentions of “learning” in this section and the dissertation will
refer to human beings learning, unless otherwise speci�ed.
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That is because social and cultural forms of exclusions are powerful and they are hard to under-

stand and address [238]. Reich & Ito identi�ed four themes related to equitable design of learning

technologies: 1) unite stakeholders around shared purposes; 2) align home, school, and commu-

nity; 3) connect to the interests and the identities of culturally diverse students; and 4) measure and

target the needs of subgroups [239].

2.4 Role of data in equity-oriented goals

Many quantitative techniques exist to use data to identify issues with equality and/or fairness in

learning experiences. Data can help us quantify disparities (differences in achievement by de-

mographic group [296]) and/or biases (how systems disadvantage students of certain groups in

disproportionate ways [83]). But to address these disparities and biases as part of equity-oriented

actions, we must go beyond quantifying them to actually make judgement calls [313].

This dissertation explores how to use data for equity-oriented purposes by engaging the domain-

expertise of stakeholders. Improving equity in computing would require access to learning com-

puting as well as successful participation and achievement by diverse students [172]. Structural

and systemic inequities embedded in computing courses can manifest as barriers to participation

(e.g. unconscious bias of instructors excluding students of color from successful participation

[244], affect students' sense of belonging and identity (e.g. instructional materials promoting gen-

der bias [197]), and exacerbate existing disparities in privilege (e.g. students cannot synchronously

engage with instructors and other classmates because of timezone differences, work commitments,

or familial responsibilities). Because stakeholders are situated in contexts that are too complex to

easily quantify, I believe they have the domain expertise to make the judgement calls about data to

support equity-oriented goals.

2.4.1 Opportunities and associated risk of using data for equity-oriented goals

As stated previously, data can support equity-oriented goals by identifying nuanced patterns of

disparities or bias to focus equitable interventions. But how to interpret and use data comes with
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it associated risks that designers of learning analytics tools and experiences must be aware of.

We cannot assume that �ndings from data alone can explain the culturally situated phenomena

of inequity. Equity requires a consideration of historical structures of domination, so we must

consider contextualize �ndings in our data within a broader context of the domain. Failing to do

so risks using data to perpetuate inequities.

A commonly raised concern about risks of data about learners is violations of privacy [109, 2,

232, 222, 263]. Privacy involves consideration of trust, transparency, student agency/control over

data, security, and accountability/reasonable care of data [222, 238]. But more than that, there

must be asociocriticalperspective on the use of learning analytics that considers the role of power,

impact of surveillance, and identity of students as transient, temporal, and context-bound constructs

[263]. A critical approach to privacy could involve a lens ofvulnerabilitywhere designers consider

the needs of minoritized groups rather than those of dominant groups [194]. But as Prinsloo &

Slade state [232], addressing privacy concerns ultimately involves a context-rich information that

considers asymmetrical power relationships:

While learning analytics can and should play an important role in students' self-

awareness, self-knowledge, self-ef�cacy, and healthy loci of controls, a lack of spe-

ci�c context can result in limited or even faulty assumptions. In the current collection

and use of student data, students often have no insight into the data collected by their

[higher education institutions] and so there is no possibility that data can be veri�ed

or any context provided. Considering the asymmetrical relationship of students and

their institutions, students potentially then become quanti�ed selves based on, for ex-

ample, the number of log-ins, clicks, downloads, or time-on-task. It is important to

allow opportunities for context-rich information so that institutions and students may

better understand the complexities and interdependencies in the nexus between stu-

dents, institutions, and the impacts of socioeconomic, technological, environmental,

political, and legal contexts.

Another concern about the use of data is reduction of nuanced students and their identities to
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low dimensional data. I summarized these risks in the story of Agloe in the introduction (Section

1) and Figure 1.1. The metaphor “The map is not the territory” also summarizes these kinds of

risks. Mayer-Schoenberger & Cukier have coined this “transformation of social action into online

quanti�ed data... allowing for real-time tracking and predictive analysis” asdata�cation [191].

This postivistic framing assumes an objective aggregation and quanti�cation of data can predict

individual behavior to suf�cient accuracy [286]. But this assumption that aggregate behavior re-

�ects individuals is contrary to goals of equity because it purports that behaviors of minoritized

groups re�ect that or dominant groups.

Of particular concern with reduction of people and their experiences through data�cation is

the reduction of identities into demographic data. Intersectionality denotes the various ways in

which ethnicity and gender (and other demographic labels) interact with social structures to shape

the peoples' lived experiences [70]. Prior work in computing education has found that simplis-

tic labeling of attributes can harm minoritized groups in particular. For example, Dr. Christina

Convertino identi�ed how oversimplifying the narrative that women were an underrepresented,

invisible monolith is a unproductive reduction that fails to allow space for nuance, such as how

BIPOC women in CS push back on the dominant discourse of underrepresentation [58]. Ross et

al. conducted a more intersectional analysis of survey data, comparing experiences of computing

students who were Black women, non-Black women, and Black men to nuance the intersection of

being Black and being a women [248]. Pushing back on data�cation by providing more nuanced

and contextual data can come in tension with privacy-related goals though, a tension I investigate

in StudentAmp (Chapter 5).

To summarize, I believe that data can support equity-oriented goals by showing nuanced data

of students with intersectional identities that also preserves students' privacy within a sociopolti-

cial learning context. Within my dissertation, I explore this by having stakeholders with domain

expertise be the interpreters of data.
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2.4.2 Unifying framework: How beliefs and exeperiences affect data sensemaking

As stated previously, data can show evidence of disparities, bias, or inequities, but it alone does

not translate to equitable action. Because equity-related data can be unfamiliar, uncomfortable, or

con�ict with expectations [216, 209], we must carefully design interactions with data. To support

equitable actions, this dissertation explores how to enable stakeholders to connect their interpreta-

tions of data to their domain expertise in three contexts:

1. Recommending future actions to students using self-directed online learning tool: How can

we use data on students' prior actions and performance to support a self-directed online

learning experience that is equitable to learners with varying self-ef�cacy? (Chapter 3)

2. Showing curriculum designers evidence of potential test bias to inform their practice: How

can empirical evidence of potential bias by gender and race help curriculum designers de-

velop more inclusive learning experiences? (Chapter 4)

3. Showing teaching teams contextualized student feedback to inform them of inequities in their

large, remote courses: How can contextualizing challenges students report with demographic

information about students inform teaching teams' of inequities in their classes? (Chapter 5)

To understand the process of interpreting data for equity in educational contexts, I draw upon

a prior framework of teachers' sensemaking of data for equity by Bertrand & Marsh [23]. This

framework identi�ed how teachers explain the causes of outcomes in observed data, as shown in

Figure 2.1. Connecting attribution theory to sensemaking, this theoretical framework of teach-

ers' data use considered interactions between beliefs, past experiences, current circumstances and

social context when teachers explained causes observed in data. Past experiences and beliefs in-

�uence how teachers make sense of data, but this framework did not elaborate on factors that

contributed to their development.

Building off the framework developed by Bertrand & Marsh [23] (shown in Figure 2.1), I

consider three factors that contribute to beliefs and experiences when interpreting data for equity:
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Figure 2.1: Bertrand & Marsh's theoretical framework of teachers' sensemaking of data (Fig. 1 of
[23]). The framework I de�ne (Fig. 2.2) expands upon this one by identifying factors the affect the
formation of beliefs and past experiences.

prior knowledge, perceptions of power relationships, and cultural competence. This is summarized

in Figure 2.2 and described in the following sections.

Relevant prior knowledge

People interpret data relative to the prior knowledge they deem relevant. As consistent with theo-

retical framings from learning sciences [216, 209], I frame the act of interpreting data as connecting

new knowledge to existing knowledge frameworks.

While impactful, the effect of prior knowledge on interpreting new information varies. If data

appears to con�ict with prior knowledge, then people may dismiss the new information in the data

and instead rely on their existing knowledge to come to conclusions [268, 209]. Or perhaps prior

knowledge biases people to narrowly interpret data in a way that does not con�ict with their prior

knowledge [209].

Ideally, people use prior knowledge to provide additional information and richness without

limiting their their interpretations of data. Doing so requires requires conscious effort though

[209]. Engaging with prior knowledge is dif�cult without considering how the data exists in a
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Figure 2.2: Unifying framework of my dissertation: The development of beliefs and experiences
requires consideration of relevant prior knowledge, perceptions of power relationships, and cultural
competence. Adapted from Fig. 1 of [23].

situated context. In my dissertation, I explored how stakeholders interpreted data to understand

how prior knowledge from their domain expertise and lived experiences may provide richness to

interpretations.

Cultural competence

Cultural competence is a model to guide actions taken at individual, organizational, and systemic

levels to meet the needs of culturally and racially diverse groups in a culturally appropriate way

[72]. Cross et al. [72] de�ned cultural competence as follows:

(A) set of congruent behaviors, attitudes, and policies that come together in a system,

agency, or among professionals and enable that system, agency, or those professionals

to work effectively in cross-cultural situations. The wordculture is used because it

implies the integrated pattern of human behavior that includes thoughts, communica-

tions, actions, customs, beliefs, values, and institutions of a racial, ethnic, religious, or

social group. The wordcompetenceis used because it implies having the capacity to

function effectively.
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Originally created for use in social work with minoritized groups [72], cultural competence

was recently adopted for use in computing education [297]. Developing cultural competence of in-

dividuals as well as organizations can support more diverse, equitable, and inclusive environments

and technologies [297].

There are four core components of cultural competence: attitude, awareness, skills, and knowl-

edge [297].Attituderelates to valuing diversity. It is not just recognizing that diversity includes

many factors, but also appreciating and valuing how all factors are critical for inclusive envi-

ronment. Awarenessrelates to cultural self-assessment. It is a recognition of own beliefs and

positionality and how they interacts with others' beliefs and positions in a given context.Skills

relate to understanding the historical impact of certain actions, words, and beliefs on people and

adapting to better meet needs of people from diverse backgrounds. Finally,knowledgerelates to

institutionalized cultural knowledge across all organization levels.

The development of these four components of cultural competence occur through the following

six stages [72, 297]:

1. cultural destructiveness: attitudes, policies, and practices are destructive to cultures and in-

dividuals within culture

2. cultural incapacity: not intentionally destructive, but lack capacity to support marginalized

groups (e.g. ignorance)

3. cultural blindness: ignoring cultural strengths and encouraging assimilation. At this stage,

"success" is seeing marginalized groups approximate middle-class.

4. cultural pre-competence: realization of de�cits and attempt to improve through active and

intentional efforts. At this stage, concerns of false sense of accomplishment or tokenism of

marginalized groups.

5. cultural competence: clear, intentional, working examples of all elements of cultural compe-

tence. Understanding of effects of policy on practice and actively working to ensure enacted
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policies support diverse and inclusive environment.

6. cultural pro�ciency: highest level. Valuing culture in highest regards and constantly search-

ing to add to their knowledge through active research, development of new strategies, dissem-

ination of results. Cultural competence is clearly understood and constantly demonstrated.

In this dissertation, I consider cultural competence as a factor that affects how stakeholders

interpret data. I posit that more developed cultural competence can support deeper engagement

and interpretations of data. More cultural competence in interpreting data can consider the data as

a signal of disparities or bias that arise from exclusive or harmful systemic policies and practice.

Perceptions of power relationships

At the foundation of my approach for supporting equity-oriented goals is a commitment to a crit-

ical perspective, which requires a consideration of power relationships [273]. As mentioned in

Section 2.1, critical perspectives require a consideration of power relationships in systems, ide-

ologies, and institutions in a given contexts [273]. Within the United States, education often has

a neoliberal framing and is a private good that bene�ts individuals by improving their economic

status or providing a larger, more skilled pool of laborers for corporate interests [220, 129, 28, 91].

Within computing education, we see this neoliberal framing through efforts to improve and diver-

sify “pipelines” to train individuals to earn high paying jobs in large technology corporations (e.g.

[118]). Within this framing, power relationships take on a monetary value, incentivizing those

dominating these relationships to oppress others to preserve this societal advantage.

Considering power relationships at a systemic level is an exploration into how dominant sys-

tems came to be and how they operate to oppress minoritized groups. The key commitment that

enables this analysis of power relationships at a systemic level (compared to individual level) is

a dialectical relationships where individuals in�uence social contexts and social contexts in�u-

ence individuals in heterogenous ways [153, 273]. That is to say that individuals exist in and are

constantly in�uencing social contexts and norms that are constantly changing. And those social
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contexts and norms are shape individuals and their knowledge. Supporting equity-oriented goals

involves understanding how power relationships shape dominant social systems and ideologies.

But individual's relationships with social systems are constructed, and so too are theirpercep-

tions of power relationships. Individuals perceive power relationships relative to their own posi-

tionality [195]. Learning in formal contexts is a process mediated by networks power relationships

between students and their peers, instructors, and the subject matter itself [67]. For example, formal

education of computing often involves learning computing in a traditional K-12 classrooms, taking

courses at a predominantly white institutions, and perhaps participating in industry internships.

While this is norm may bene�t students of dominant groups, Rankin et al. identi�ed how Black

women experienced “sites of violence” in each of these contexts [237]. So rather than attempt to

take an objective or global view to power relationships, we must instead considerperceptionsof

power relationships.

Framework resembles one for K-12 science argumentation

The resulting framework most resembles frameworks for culturally responsive argumentation and

sensemaking for K-12 science classrooms. Levine et al. synthesized a hybrid model of repre-

sentation to represent the “dialogic, multi-layered, and culturally situated” nature of argumentation

[170]. They framed argumentation as enacting situated roles (similar to my considerations of power

relationships), drawing upon cultural belief systems (parallel to my consideration of cultural com-

petence), and situating argumentation in an ongoing dialogue (similar to my consideration of prior

knowledge). The context of developing scienti�c argumentation skills amongst K-12 students and

having adult stakeholders interpret data for equity-oriented goals is quite different. Nevertheless,

both frameworks emphasize the situated nature of stakeholders and their beliefs affect interpreta-

tions of data (or argumentation) that build off of existing discourses. Frameworks like this can

guide the design of experiences that critically stakeholders in new kinds of interpretations as they

use them to inform their own practices.
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Chapter 3

CODEITZ: ADAPTIVE RECOMMENDATIONS FOR SELF-DIRECTED
ONLINE LEARNING TO SUPPORT LEARNERS OF VARYING

SELF-EFFICACY

In this chapter, I describe a study that investigated how to support the equity-oriented goal of

equitable self-directed online learning experiences. I builtCodeitz, a self-directed online learning

environment that used data on students' prior actions to recommend future actions.

The goal of the recommendations was to support learners of varying levels of self-ef�cacy by

affording and informingagency, a learner's capacity to de�ne and pursue learning goals [14]. The

main hypothesis was that learners with high self-ef�cacy could guide their own learning experi-

ence, whereas learners with low self-ef�cacy could follow the recommendations. From a between-

subjects evaluation of Codeitz, I found that affording and informing agency affected engagement,

but had no detectable difference in learning outcomes. Post-survey responses suggested that the

affordances of the design could not overcome the prior knowledge and perceptions of power rela-

tionships that participants had. Most participants were university students who had limited agency

within their formal learning experiences. So a potential explanation was that agency was unfa-

miliar and the design affordances could not overcome this unfamiliarity. This substantiates the

need to design interactions with data that consider how prior knowledge and perceptions of power

relationships affect self-directed online learners' interpretations of recommendations.

The work in this chapter was conducted in collaboration with Dr. Greg L. Nelson, Matt J.

Davidson, Harshitha Akkaraju, William Kwok, and Dr. Amy J. Ko and published to 2020 ACM
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Learning @ Scale [309].1 2

3.1 Introduction: Design space for agency

Agency, or the sense we are in control of our actions and their effects [202, 200], is important

to learning. Agency can make students contributors to their learning experience rather than just

products of them [15]. In classroom settings, teachers overwhelmingly believed that affording

students agency improves motivation and learning outcomes, while also recognizing that limits to

agency were necessary [106]. This recognition that both freedom to make choices as well as the

scaffolding to limit these choices suggests that designing to promote effective learner agency is

important, but nuanced.

The need to balance freedom and guidance is especially true in self-directed learning settings,

such as online tutorials and educational games, where designers create the entire instructional ex-

perience and no human teacher is available to provide assistance. In these experiences, agency can

be framed as a phenomenon involving both a learner and their learning environment, in which the

actions that learners desire are among those they can actually take [295]. The goal of having learn-

ers exert agency is to have learners make informed choices to support their engagement [40, 250],

motivation [66], and learning [265, 277, 250, 66]. Agency might manifest as a learner deciding

that an exercise is too easy, choosing to jump ahead to a more dif�cult exercise, or realizing that

they lack some understanding, and reviewing some prior instruction. These decisions emerge from

a learner having a goal, taking an available action to support their goal, and then re�ecting on the

result of their action [201].

Elements of self-directed learning environments will always in�uence learner agency, but not

always in ways that bene�t learning. To exert agency, learners must �rst perceive that they can

1This study was pre-approved with exempt status by the UW Institutional Review Board (IRB) as
STUDY00005282. This material is based upon work supported by the National Science Foundation under Grant
No. 1735123, 1539179, 1703304, 1836813, 1450681, and 12566082 and unrestricted gifts from Microsoft,
Adobe, and Google. We thank Alannah Oleson for the Gender Mag walk-through [39], and our Code & Cog-
nition lab mates for their constructive critique. Supplemental material (code, surveys, post-test) can be found at
https://github.com/codeandcognition/archive-2020las-xie .

2I will use “we” instead of “I” in this chapter to acknowledge the shared contributions of all authors.
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do so [200, 63]. Learners rely on their perceptions of the environment to develop their sense of

agency [295], so the design of the learning environment is impactful to their agency. Designers ex-

ert indirect control[254] over learner actions. These elements of indirect control can inadvertently

result in learners following similar paths for no reason bene�cial to learning, therefore unneces-

sarily limiting their agency. This was the case in a computer-based math game, where learners

were afforded the agency to play mini-games in any order but instead tended to follow a dotted

line which visually connected mini-games in a somewhat arbitrary order [127, 212], resulting in

no difference in learning outcomes between high- and low-agency variations of this game. There-

fore, designers must effectively scaffold a self-directed learning experience to ensure learners exert

agency by making informed choices that bene�t their learning.

Prior work on agency in self-directed learning environments has primarily explored the effect

of more or less agency on learning. For example, studies of the self-directed educational game

Crystal Island [250] have found that limiting available actions in the virtual environment led to

better learning gains when compared to a high-agency condition, but limiting options also led to

an increased propensity for guessing [279, 253]. However, prior work has also found that too

much agency can also be detrimental [9]. This was the case in Chen et al. 2019, which found that

learners with more prior knowledge in a high-agency condition (where they could choose their own

preparation tasks) exhibited similarly unproductive behavior such as guessing [46]. These �ndings

suggest that designing for agency means �nding a “sweet spot” that brings the bene�ts of choice,

while preventing learners from being overwhelmed [265, 87, 63].

While prior work on self-directed learning has explored varying levels of agency [46, 181, 182,

246] and agency over different aspects of learning [64, 63, 62], it has not jointly explored varying

levels of information to support agency. And information is key: there is a difference between

giving a learner a choice about what to do next, and giving them carefully designed information

about the risks and opportunities of those choices. Prior theoretical work calls thisproximal action-

related information[201], which aims to help learners determine their 1) capacity to act (e.g. empty

check boxes indicating practice that has not been completed, showing available mini-games and

hiding previously completed ones), 2) current ability to do so (e.g. skill bars showing estimated
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knowledge in an open learner model [142], earned badges to re�ect accomplishments), and 3)

the predicted result of taking an action (e.g. an adaptive recommendation denoting that a speci�c

practice question can serve as review). This framework suggests how systems might provide such

information, but prior work provides no design guidance on the effects of varying levels of action-

related information on agency.

To contribute to this design guidance, we built a self-directed learning environment for learning

Python programming, varying both the amount of agency afforded and the amount of information

provided to support learning decisions. We speci�cally studied three design variations: 1) informed

(high-information) high-agency, 2) uninformed (low-information) high-agency, and 3) informed

low-agency. With these alternatives, we then conducted a between-subjects experiment to inves-

tigate the effects of these design choices on 1) learners' experiences, and 2) learning outcomes.

Participants in the study engaged in self-directed learning for a week, then took a survey and post-

test measuring learning gains. In the rest of this paper, we discuss the design alternatives and our

study design in detail, then present our results and their implications on designing for agency.

3.2 Theoretical Background on Agency

Before discussing our design alternatives and study design, we discuss the theoretical views that

inform both. In particular, while there are many de�nitions ofagency, in this paper we frame it as

occurring when a learner can take actions that align with their learning-related goals [295]. Within

this framing, we position Bandura's notion ofself-ef�cacyas the primary individual factor that

in�uences both learning and the use of proximal action-related information found in a learning

environment [15, 14]. From this view, learners must believe in their abilities to organize and

execute a course of action as well as process information from the environment regarding potential

actions to take and their implications.

While agency is dependent on self-ef�cacy, acting upon self-ef�cacy requires information from

a learning environment. We speci�cally draw upon frameworks ofproximal action-related infor-

mation, which positions information that is situated near and related to a decision [201] as critical to

agency. Examples of such information include skill bars indicating the current state of understand-
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ing, check boxes indicating what a learner has or has not completed, or adaptive recommendations

suggesting a next topic to learn.

Finally, we also draw upon thePreference Construction(PC) model of decision-making to ex-

plain the importance of proximal action-related information to agency. This model is commonly

used in explaining economic decision-making and frames preferences as a contextually developed

construct [24, 175]. PC draws upon Herbert Simon's notion ofbounded rationality, which states

that the complexity of a decision task, limitations of cognitive resources and knowledge of peo-

ple, and the tendency to reduce decision effort lead to a limited rationality [262]. This implies

a trade-off between decision-making effort and the accuracy of the decision outcome [228] and

that because PC is contextual, it is susceptible to different kinds of biases. Within the context of

recommender systems, in�uences such as context effects, primary/recency effects, framing effects,

and anchoring effects may bias how people make decisions [185]. PC states that humans do not

have a clear preference in the very beginning, but rather develop preferences within the context of

a decision process. Therefore, proximal information is critical for exerting agency.

An aspect of agency that is beyond the scope of this paper is metacognition, one's ability to

monitor and regulate their own cognitive processes, behavior, and affect [209]. Metacognitive

skills can support agency [211, 201], but vary amongst novice programmers [180]. We attempted

to remove this confound through random assignment in our study, detailed later in the paper.

3.3 Three designs to explore agency

Given these theoretical foundations, we considered three variations on degrees on agency and

proximal information: an Informed, High-Agency (IH) design that gave learners agency and infor-

mation; an Informed, Low-Agency (IL) design that gave learners information but little choice; and

Uninformed, High-Agency (UH), which gave less informed choices. In this section, we describe

the learning domain, how we provided proximal information, and our three designs.



31

Figure 3.1: Features of Codeitz designed to provide learners with proximal action-related informa-
tion for deciding what to learn next. Variations of the environment exposed learners to different
subsets of the features (see lines at bottom of �gure).

3.3.1 Learning Domain: Self-directed intro to Python

To explore agency and proximal information, we selected the domain of learning to program.

As a domain, programming has many attractive features: at this point in history, many people

want to learn it; there are many examples of self-directed learning environments for learning to

code online; and the domain itself has concepts with relatively clear inter-dependencies that are

amenable to learner modeling.

To support our investigation, we developedCodeitz, a new self-directed learning environment

to teach Python programming (see Fig. 3.1). All variations of Codeitz shared the same intro-

ductory curriculum adapted from the materials de�ned in [308]. This curriculum was designed

to assume no prior programming knowledge and cover introductory Python concepts including

basic constructs (data types, operators, variables, print statements, conditionals) and templates

demonstrating ways to use what was learned (variable swap, �oat comparison, �nd min/max, digit

processing).

While the original learning materials were created for more linear learning, we relaxed this

constraint to make learning through exploration more feasible. Following semantic dependencies

de�ned by the Python programming language and extending that pattern of hard dependencies

to templates [308], we developed a concept hierarchy that learners could use to decide what to

learn next (shown in Fig. 3.2 and described below). To adapt the learning materials to match the
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concept hierarchy we de�ned, we adjusted instructional content to assume learners only visited

parent concepts and created additional exercises to practice which relied on fewer other concepts.

We kept some examples and exercises which relied on concept dependencies not re�ected in our

hierarchy, so this adaptation was not complete.

From an instructional design perspective, we designed Codeitz to be a self-contained learning

environment. To learn a concept, learners could read instruction to develop conceptual understand-

ing of an aspect of Python and then attempt practice exercises where they received feedback related

to correctness from the system. Practice exercises included multiple choice, short answer, �lling in

Memory Tables [310] to trace program state, and writing code. To support a formative experience,

learners were able to retry practice exercises and see the answer whenever they wanted. Each page

of instruction or exercise mapped to exactly one concept.

3.3.2 Three Codeitz Designs Varying Agency, Information

All three variations of Codeitz had the same instructional material and included conventional feed-

back on learning progress (Fig. 3.1b) and exercise correctness (Fig. 3.1c) common to online learn-

ing tools such as online courses (e.g. edX, Coursera) and learning platforms (e.g. Khan Academy,

Codecademy). However, the designs varied in the amount of agency and predictive information

afforded to learners.

We speci�cally focused on supporting learners' decision ofwhat to learn nextby varying the

presence or absence of three features that either afforded agency or offered proximal information

to support learning decisions. One feature was aworld view showing Python concepts and their

dependencies (Figures 3.1a, 3.2). We designed the world view to be as nonlinear as possible so as

to encourage learners to exert agency and explore different concepts while having an understanding

of their underlying relationships. Learners could use the world view to explore concepts as they

relate to other concepts they may have already learned. Another feature wasrecommendations

of what to learn next (Fig. 3.1d). These were based on the estimated dif�culty of the exercise

relative to learners' current levels of understanding for a concept. Recommendations supported

the goals ofreviewing(exercise involves a concept learner is knowledgeable with),continuing



33

Figure 3.2: The world view, showing Python concepts taught and major dependencies between
them.

(exercise involves concept learner has made progress with), orchallenging(exercise involves a

concept a learner has little experience with). Learners can use recommendations to judge how

certain exercises may support current goals. And �nally,skill bars provided estimated levels of

mastery for a concept (Fig. 3.1e), to help learners determine if they needed to complete all of

the instruction and exercises or whether they could move on to another concept. Learners can use

skill bars to judge how well they have mastered a speci�c skill. Our three designs offered unique

combinations of these three features.
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Figure 3.3: Sidebars for the uninformed high-agency (UH) and informed high-agency (IH) vari-
ations of Codeitz. The UH version (left) only shows what instruction and exercises a learner has
completed (using check marks and stars). The IH version (right) includes skill bars (dotted ovals)
to denote estimated mastery and blue goal-oriented recommendations for next exercises to consider
(dotted rectangles).
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Figure 3.4: Two primary views of Codeitz for informed high-agency (IH) condition.A: The learner
followed a the recommendations and selected theRelational Operatorsconcept and is able to view
the instruction and exercises for that concept in the sidebar.B: After clicking on the recommended
exercise (Can you read relational operators?), the learner is then taken to the exercise view where
they can attempt the exercise as practice. In the uninformed high-agency (UH) condition, there are
no blue recommendations. In the informed low-agency (IL) condition, there is no world view (A)
and learners must instead follow system recommendations.

UH: The uninformed high-agency version lacked recommendations & skill bars, but still required

learners to exert agency.

We intended for this version to re�ect an open online course (e.g. a MOOC) in the information

provided to a learner as well as its availability of content. In this design, learners were uninformed

of system predictions from their prior responses. They used information about the knowledge do-

main, progress they made, and exercise feedback (Fig. 3.1a-c) to guide their learning experiences.

They would select a concept from the world view (Fig. 3.2), then use the sidebar as shown on the

left of Figure 3.3 to look at what instruction and exercises they had/ had not completed. With this

information, learners using the UH version of Codeitz had the freedom to explore any instructional

material in any concept.
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