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ABSTRACT
This paper puts forth the idea of a subversive stance on learning
analytics as a theoretically-groundedmeans of engaging with issues
of power and equity in education and the ways in which they
interact with the usage of data on learning processes. The concept
draws on efforts from fields such as socio-technical systems and
critical race studies that have a long history of examining the role
of data in issues of race, gender and class. To illustrate the value
that such a stance offers the field of learning analytics, we provide
examples of how taking a subversive perspective can help us to
identify tacit assumptions-in-practice, ask generative questions
about our design processes and consider new modes of creation to
produce tools that operate differently in the world.

CCS CONCEPTS
• Human-centered computing → Human computer interac-
tion (HCI); • General and reference → Cross-computing tools
and techniques; • Applied computing→ Education; • Social and
professional topics→ Computing / technology policy.
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1 THE NEED FOR A SUBVERSIVE STANCE
Recent events have brought overdue attention to issues of power in
learning analytics and how they intersect with the existing struc-
tures and systems of education [61]. As learning analytics moves
to become an increasingly influential force impacting how people
teach and learn, our field needs to grapple with the ramifications
(intended and unintended) of its efforts, and critically engage with
the ways in which power, race, gender and class impact and are
impacted by our work [49]. This need is particularly pressing in
the context of an unprecedented shift towards learning online and
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the corresponding increase in the quantity and types of data being
generated about students around the world [64]. This creates a
situation that demands questions about surveillance, equity, bias,
ownership, control and agency in learning analytics use [50, 66]. As
[58] has noted, it becomes increasingly pressing to study our prac-
tices when we see that, although learning analytics tools are built
with the intention of improving educational processes, outcomes
and contexts [39], students and teacher stakeholders often distrust
that our work really serves the surveillance needs of administrators.

There are four reasons that a critical look at learning analytics
is both necessary and timely:

(1) As learning analytics plays an increasing role in educational
decision-making processes, centering concerns of equity is
necessary to avoid perpetuating systemic biases and main-
taining an unjust status quo. Moreover, without a critical
perspective, there is a risk that learning analytics could in-
advertently exacerbate existing inequities.

(2) learning analytics’s raison d’etre is to improve learning and
the environments in which it occurs. Whenever possible,
there is a moral obligation to use educational tools as a
means of making a positive impact, and there are untapped
opportunities for Learning Analytics to act as a tool for social
justice.

(3) Left unaddressed, the challenges learning analytics pose
for privacy and surveillance as well as the perception that
tools serve the needs of those in power more than those
of students, can undermine the potential positive effects of
learning analytics and may drive potential users away.

(4) Consideration of unintended effects that learning analytics
tools have “in the wild” as part of complex socio-technical
systems is needed to avoid technological “solutionism” (treat-
ing technology as an answer to problems with the assump-
tion that all innovation is necessarily good [45]).

These concerns are not new. For example, they have been dis-
cussed through: examination of ethical challenges around privacy
and agency [52, 60]; calls for more theoretical grounding [14, 20, 24];
highlighting of the ramifications on minoritized populations [56];
and even questioning of whether we should start the field afresh
[58]. However, concrete actions to engage with and address them
are still largely lacking. Prior attempts have either remained in a
critical position, without a clear and actionable path forward [57];
or offered general frameworks for their consideration (such as a
learning analytics code of ethics) that have not been taken upwidely
[60]. It is only a small number of efforts that have offered tangible
tools (such as methods to evaluate the fairness of predictive models
of student learning) to tackle these thorny problems [23, 27, 41].
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This existing work is valuable in offering a foundation upon
which to start. However, in considering how our field can pro-
ductively engage with the constellation of issues related to the
interaction between power and equity in systems of education and
learning analytics, there is also much that can be learned from
related disciplines that have been grappling with these questions
for a long time.

Subversiveness as a critical stance has proven useful in other
contexts to help educators and technologists reassess the complex
weave of structures that impact their work and the way their work
ripples into and is assimilated by those structures. In addition, sub-
versive approaches suggest strategies for thinking unconventionally
about technology and its futures [8, 45]. Subversive stances underlie
many critical traditions in the world of activism, critical education
[28], political art [15] and social movements [9], and have been
used to identify existing (and often overseen) challenges and to
think creatively about how to address them. In addition, tool devel-
opers can use a subversive stance to interrogate their creations by
incorporating ways to look at the shortcomings of data into their
thinking.

In this paper, we bring together ideas from different disciplines
that have examined the role of data in our society by, for example,
analyzing its impact on educational institutions organizationally
[22]; or looking at the intersection of data with race, gender and
class through the lens of socio-technical systems [8]. Drawing from
them, we attempt to crystallize the notion of a subversive stance
for learning analytics as a "sensitizing concept" [4]: a theoretically-
grounded means of engaging with issues of power in our work. We
provide an initial illustration of what taking a subversive stance
means and what it can offer the field in three parts. We first use it
to unpack some of the assumptions that underlie learning analytics
work and describe two larger “myths” they propagate. We then
share a set of generative questions that can (and should) be asked
to interrogate our processes, the ways in which analytics come to
be, and anticipate consequences of their use. Finally, we describe a
set of potential artifacts (tools, processes, experiences) that might
be created to puncture current systems and reveal or address their
shortcomings.

2 A SUBVERSIVE STANCE FOR LEARNING
ANALYTICS

“Subversiveness” is a broad term, used with both negative and pos-
itive connotations in heterogeneous contexts and times [7, 11].
Consistently, however, it signals two things: one, the recognition
of a “norm”, a hegemonic power structure (for example in gender
relations or educational hierarchy) whose value system is often
taken for granted; and two, the need to challenge this structure
through the questioning, inversion, displacement, neutralization or
caricature of its value systems andmeans by which its power is exer-
cised [67]. In Socrates’ dialogues, Shakespeare’s fools or Nietzsche’s
aphorisms, we find examples of discourse that unveils values and
structures that are considered axiomatic by many (especially those
in power), to puncture and disrupt them. The positionality of the
agent of subversion is, at least temporarily, that of an “other” (fool,
madman, artist, comic or naive interrogator) who stands outside

of the status quo to point to what is aberrant within the reigning
normalcy.

Looking into our practices of learning analytics from an “out-
sider” stance (by consciously exposing and interrogating that which
is often taken for granted, and by opening ourselves up to invite cri-
tique and challenge from outside perspectives) can be a productive
means for the field to engage with the larger economic, political
and social discussions currently taking place in the space of educa-
tion. In this endeavor, we explicitly draw on various fields outside
of learning analytics which have proposed alternative means of
negotiating power and accountability in practice and research with
data.

A first set of perspectives come from the sometimes intersecting
areas of socio-technical systems (STS) and Critical Race Theory
(CRT). Authors in these traditions dissect practices that may at first
appear efficient and even progressive, and reveal how they may
act as mechanisms that perpetuate power imbalances. One such
case is the myth of technology as “cultureless” and agnostic, while
using white, male and western measures as a “default” [8]. They
also advocate for a reckoning with the negative consequences that
datafication has had, especially on minoritized populations [2]. Of
particular relevance to our field is the concept of techno-chauvinism,
the ideology that, with enough data and technology, systems can be
capable of solving almost any social problem [10]. This inclination
can often cloak the complexity of how social problems interact with
historic inequities, or the ways in which technologies themselves
can replicate and generate social problems and forms of oppression
[47, 53].

Feminist schools of thought have also prodded assumptions of
power and representation in the processes that render technologies
and offered ways to reshape problematic practices into emancipa-
tory ones. For example, the notion of “design justice” [13] has been
presented as a means of inquiring into design from perspectives of
equity, beneficiaries, values, and ownership, and asks designers to
look at how their work impacts various populations as well as is-
sues of gender and race. In learning analytics, similar conversations
have arisen about the need to bring stakeholders into our design
processes [16] as part of a larger shift towards Human-Centered
Learning Analytics [59]. Such efforts could go further by specifically
thinking about groups of stakeholders that could be most negatively
impacted by a learning analytics application and designing ways
to intentionally include them in our discussions and processes of
design [55].

Critical schools of thought have also drawn on the practices of
artists and tinkerers, who craft experiences that bring to life the
challenges created by datafication. They are most overtly “subver-
sive” in the ways in which they play with notions of the object,
subject and purpose of data inquiry, turning these on their heads.
For example, the “Rap Research Lab” subverts the canon of aca-
demic research, and uses rigorous data methodologies to investigate
hip hop and other aspects of Black and Brown youth cultures that
have been left out of “serious” inquiry in the past [34]. Other col-
lectives make creative and unexpected uses of data by, for example,
the development of tools for humorous visualizations from large
datasets; the creation of “emotional and subjective datasets” that
play with the idea of data objectivity [17]; offer artistic experiences
about personal data surveillance [5, 45]; or develop demonstrations
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of how data can construct or obstruct citizenship [42]. While these
initiatives may not follow conventional models of scholarship, their
work vividly demonstrates the paradoxes of technology as an agent
of both freedom and surveillance.

Another source of inspiration is groups who use critical insight
for organizational or systems-wide change. Researchers, for exam-
ple, have worked closely with practitioners in the space of big data
and accountability in education, and looked into how high-stakes
assessment measures create perverse incentive systems, such as
teaching-to-the-test and the narrowing of curricula [22]. They have
also developedmetrics which attempt to take into account the multi-
faceted nature of student performance, and interrogated the notion
of “quality” in education by incorporating the perspectives of com-
munities of teachers, parents and students [op. cit]. Moreover, some
have suggested to include the complicating social circumstances
that may impact student’s grades as part of performance assessment
[62]. Finally, at the intersection of systems change, CRT and STS,
there are promising initiatives such as Data for Black Lives [43] that
are using analytics and collective action to upend social inequity
and empower communities of color and progressive movements.

This initial survey of work from other fields to inform a subver-
sive stance in learning analytics is far from exhaustive, yet already
points to a number of epistemologies and methodologies that can
inspire new ways of engaging in learning analytics through a sub-
versive lens. In the following sections we look into how a subversive
stance can lead to concrete action within our field.

3 THE SUBVERSIVE STANCE IN ACTION
In this section we demonstrate the value of taking such a stance
by providing examples of how it can help us to identify taken-for-
granted assumptions-in-practice, ask generative questions about
our design processes and consider newmodes of creation to produce
tools that operate differently in the world.

3.1 Unpacking Assumptions in Learning
Analytics

One way in which a subversive stance offers value to learning ana-
lytics is through its imperative to unpack the hidden assumptions
and value systems that underlie “business as usual”. To demonstrate
the power of this practice, we describe below two “myths” in learn-
ing analytics that are the consequence of unquestioned assumptions.
The term myth is used because, while in our field the ideas below
are widely recognized as untrue, they still paradoxically inform our
discourse and practices, and we can sometimes behave as if they
were true. This lack of resolution allows for negative consequences
in the ways in which analytic tools are created and used, and thus
merits our conscious attention to them.

3.1.1 The Objectivity Myth. The field of Learning Analytics is
founded on the basic premise that data collected about learners and
learning can provide a sound basis for making decisions to improve
learning processes and outcomes [24]. For this logic to function,
the data must be taken as an appropriate and useful representation
of a learner’s knowledge, process or other characteristic. However,
it is well established that data are not “neutral” but rather “come
into existence through the use of tools that embed assumptions
and particular perspectives about the world" [65]. Shifting from

the language of data capture to that of data generation highlights
the ways in which data are not natural resources waiting to be
collected but artifacts of activity that are actively produced under
the influence of a combination of technological and human factors
[26]. Larger social, political and economic influences inevitably play
a role in what data is valued and why [25, 58].

But even though learning analytics may acknowledge this lack
of neutrality in a general sense (e.g. [51]), the everyday language
we use can suggest the opposite. A discourse of objectivity can be
seen in recent LAK Proceedings through the use of terms such as
objective data [18, 29, 44], objective measures [1, 35, 38], objective
techniques [40], objective monitoring [46], objective prediction [33],
objective performance [63], objective feedback [48], and objective
visualization [18]. In our own work, we have fallen into the trap of
characterizing things this way, seeking to distinguish the external
measures calculated from a system about a learning process from
the fuzzier internal perceptions of the various actors involved [30].
In one sense this is a valid and important distinction as learning
research has relied on self-report measures for far too long. How-
ever, at the same time such discourse reifies and normalizes the
premise that our measures are neutral, preventing us from prob-
lematizing the ways in which they are also a site of political, social,
and historical forces.

The objectivity myth can be characterized through a list of its
problematic assumptions, such as

• Data are neutral
• Data are not political
• Data tell the whole story
• Data can unproblematically be used to predict the future
• Data speak for themselves

3.1.2 The Perfect Process Myth. Learning analytics provides de-
signers and instructors with a set of tools for observing and acting
upon learning environments, revealing new ways of engaging with
students or providing insight into aspects of learning that once
remained hidden. However, the value of these innovations for “op-
timizing” can sometimes be undermined by not taking into account
the complexities of the human experiences with which they interact
[32].

There is a temptation in thinking, for example, that because a
form of data is available, it must be the answer to some problem,
or conversely, that any problem can be solved if the right data is
in place. On the contrary, for many disciplines, the belief that any
ambiguity should be resolved, and that technology is always the
answer (or “solutionism”) is in itself a problem [45]. In education in
particular, there are ways in which the experience of failure, ambi-
guity, and even opacity is not always a problem, but an affordance
that can encourage learning, creativity and growth [31].

Even when we believe we have identified a legitimate prob-
lem to address, there is the question of whether learning analytics
researchers are always the right group of people to tackle them.
Data-driven designs that mediate our realities and how we interact
with the world are often produced by a small, homogenous elite [13].
These technologies, designed by persons in privileged positions,
are then implemented on populations very different from the ones
with whom they were initially tested [41]. The more minoritized
a group is, the more likely a technology will be subject to a blind
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spot with respect to them [53], and the more complex a technol-
ogy (as with data), the harder for those impacted to identify the
challenge and defend themselves [8]. Learning analytics tools are
seldom designed with input from those who will be most impacted
by them (notably students), and there are rarely measures of equity
considered when our systems are tested (though the increase in the
tools being developed for this purpose is promising [23, 41, 61]).
It is also still rare to find cases of follow up on how designs are
used by practitioners beyond usability studies. Ultimately, we know
little about how others will use our solutions, yet we often act
as though we expect them to correctly interpret, act upon, and
ethically consider the information we provide.

The perfect process myth can be characterized through a list of
its own problematic assumptions, such as

• Data-driven decisions are always in the best interest of those
impacted

• Data can be correctly interpreted and acted upon by those
with access

• Data and related tools will be used as intended
• Data and related analytics are unproblematically generaliz-
able

• Data can be used to solve all problems

3.2 Interrogating and Updating Design
Practices

Another way in which a subversive stance offers value to learning
analytics is through the apparatus it offers to connect the micro-
processes of tool design and the macro-structures of educational
systems. Here we describe a set of generative questions for learning
analytics creation adapted from Costanza-Chock’s work on design
justice [13], and we consider alternative systems of power relations
possible between researchers and those who traditionally have been
the subjects of their research.

Part of enculturation into a discipline is learning when not to
ask questions and accepting the practices that are socialized in the
field as unproblematic [36]. Yet naively asking the obvious can help
us see where the emperor is clothed and where he is not; in other
words, the fractures and opportunities in our practice. This leads us
to adapt [13] to offer five sets of generative questions for Learning
Analytics:

• Who are the decision makers? Who is allowed at the table
where design and research questions are being asked? Who
gets to ultimately make decisions? Who is influenced by the
process yet not invited to that table?

• Who is impacted? What populations are we asking about?
Which ones are we not asking questions about? Which mi-
noritized groups are we thinking of and which ones do we
choose to ignore andwhy? Are we taking a global or western-
centric perspective? Who is benefitting or profiting?

• What are our positionalities? What are the identities and
positionalities of the players at the table? How may our priv-
ilege be impacting or creating blind spots for our decisions?

• What larger structures are at play? Who is exercising power
on the process even while not being present at the table?
What structures give them that power and what are their

values? How are we adjusting to power structures (such as re-
search funding interests) and their agendas? What tradeoffs
are we willing to make?

• What value systems are encoded in our learning analytics?
What values about education?What values about data?What
values about being human? What stories of education are
we telling through the work we are doing? Which ones are
we silencing? What assumptions about the social order are
embedded into our process or tools? What structures of
hierarchy and control are implicit in their functioning?

Consideration of the above questions demands the involvement
of stakeholders in the planning and design of learning analytics
tools. Education research has several traditions of methods that
have looked at unconventional ways to negotiate power and em-
powerment and that have questioned the idea of observation as
something “objective” that happens “outside” of practice. Many
start by challenging the taken-for-granted power dynamics of who
decides what gets asked in the first place, and who engages in the
chains of inquiry–asking who beyond scholars should be addressing
these questions, and why those impacted by research are not part of
the research design and inquiry processes. For example, in Action
Research, practitioners such as teachers become leads or co-leads of
research [6, 37]; in Participatory Action Research researchers pair
with learners and practitioners to improve their spaces together and
generate theory from these initiatives [3, 19, 21]; and in Youth Par-
ticipatory Action Research, as students are included in the decision
making and inquiry, the process becomes a learning experience as
well as the site for theory building [12]. While learning analytics
has begun to involve intended users as participants in processes of
design [16, 55, 59], we can move further to consider subverting the
top-down research and design hierarchies that shape the ways we
work.

3.3 New Kinds of Design Products
As a final example of how a subversive stance offers value to learn-
ing analytics, we describe speculative design examples of potential
novel artifacts (tools, processes, experiences) that are inspired by
work in the critical traditions described above. They are first at-
tempts, meant to shift perspective, displace, invert and question,
by means of estrangement and humor, offered as “objects to think
with” to spur critical discussion.

3.3.1 Blank Boxes Analytics. The objective of this design is to make
visible not only the data that is available, but that which is valued
and relevant, yet absent, in a situation. For example, in a dashboard
of student engagement, we may have click data on an LMS or traces
of gaze on a screen, but we don’t have information about how or
why certain parts of an activity seem to draw a learners’ focus more
than others. Nor do we have access to external factors from their
life outside the tool that shape how and why they engage. Some of
this information may become available as analytics improve, but
much of it will (or sometimes should) remain beyond reach. Blank
Boxes Analytics reminds us of the relevant educational constructs
and values that we should take into account, even when there is no
data to speak to it. Thus instead of a dashboard that simply provides
answers, it is a dashboard that, through empty boxes, incites the
user to ask questions.
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Figure 1: A sketch for a “blank box dashboard”, which fea-
tures important data which is missing or unmeasurable.

3.3.2 Imagining Data Utopias and Dystopias. What do educational
data tools look like in an ideal society? What does that ideal society
look like and what are the measures of success that we are looking
for in this context? How much ownership do stakeholders have
over these tools in this context? Data utopias and dystopias imagine
learning analytics for science fiction contexts to articulate our im-
plicit values and reveal the possibilities of what our discipline could
be in our wildest dreams, or its most nightmarish consequences.
For an example, see the different possible futures for AI-supported
collaborative learning envisioned in [54].

3.3.3 The Privileged Baseline. Learning analytics applications of-
ten work from the idea of a “typical” or “average” student, with
variables to represent the differentness of those who don’t fit this
profile. This can create a frustrating experience for minoritized pop-
ulations, which are constantly reminded of how they are viewed
as “other” or “deficient”. In contrast, those with the most privilege
have the experience of their race, class and gender being “invisi-
ble,” as the categories they inhabit are typically taken as “default”.
The Privileged Baseline tool flips this idea on its head by using the
minoritized position as the baseline. It creates predictions based on
this profile, requiring users to actively identify and “add” the forms

of privilege that distinguish them in order for them to be taken into
account in the prediction.

3.3.4 Metrics of Counter Narratives. Metrics of Counter Narratives
further challenges the problematic notion of a single “baseline” and
unidimensional notions of achievement and success by generat-
ing ways to quantify, and thus value, the different skills, abilities
and strengths of members of minoritized communities. These are
qualities of learning and forms of knowing formal education has
been relatively blind to (neither directly assessed nor gathering data
about). While the outcomes modeled by learning analytics are often
presented as universal, they inevitably have cultural values baked
in. If different groups value different things, then they will arrive
at different outcomes; thus a critical question to ask is "how can
models be made flexible enough to incorporate what minoritized
groups are achieving as well?".

3.3.5 Storified Dashboard. While we present data as an objective
means of assessment for students and learning contexts, there are a
myriad of subjective and intersubjective experiences that intersect
with the events that we are representing in someone’s life. These
experiences, stories, and occurrences go beyond the individual (our
usual unit of analysis), and are weaved into families and communi-
ties. For example, a Native American student’s math result coexists
and interacts with stories of oppression and resilience, as well as
those of math. By imposing the idea of a classifiable individual,
we impose a western individualistic and rationalistic ideology. The
Storified Dashboard challenges this, presenting data that is “anno-
tated” by fragments of stories; where the values are not set, but ebb
and flow to represent the inapprehensible nature of some of the
concepts that we aim to understand through data.

4 CONCLUSION
This paper attempts to crystallize the notion of a subversive stance
in learning analytics, by pulling on threads of ideas related to critical
learning analytics that have been circulating within our community,
as well as contemporary thinking from the fields of critical race
theory, socio-technical systems and speculative design. This sub-
versive stance can be used to identify hegemonic power structures
and ideologies implicit in our work, and respond to them through
questioning, inversion, displacement, neutralization and caricature.
To advance these efforts, we reviewed work from related disciplines
which critically assesses relationships among technology, data and
education in the context of existing social structures related to
race, class, ethnicity and gender. We also explore what a subversive
stance could look like in learning analytics, by drawing on the
concepts and practices of these traditions to probe assumptions of
the discipline that underlie our practice, asking generative ques-
tions to expose and upend traditional power relationships in the
design process, and providing a few initial ideas of what subversive
learning analytics solutions and experiences could look like. We
hope that these first steps towards taking a subversive stance in
learning analytics are generative for the community and offer a fer-
tile conceptual space for considering ways that can lead us to work
together to develop more just and equitable learning analytics.



LAK21, April 12–16, 2021, Irvine, CA, USA Alyssa Friend Wise, Juan Pablo Sarmiento, and Maurice Boothe Jr.

ACKNOWLEDGMENTS
We want to acknowledge Dr. Rafi Santo and Dr. Fabienne Snow-
den for their helpful discussions and pointers to critical schools of
thought and theories that have informed this work. We also want to
acknowledge the contributions to our thinking made by Dr. David
Kirkland and other members of the NYU Metropolitan Center for
Research on Equity and the Transformation of Schools.

REFERENCES
[1] Solmaz Abdi, Hassan Khosravi, Shazia Sadiq, and Dragan Gasevic. 2020. Com-

plementing educational recommender systems with open learner models. In
Proceedings of the 10th International Conference on Learning Analytics & Knowl-
edge (LAK ’20). ACM, Frankfurt, Germany, 360–365. https://doi.org/10.1145/
3375462.3375520

[2] E. Tendayi Achiume. 2020. Racial Discrimination and Emerging Digital Technolo-
gies: A Human Rights Analysis Report of the UN Special Rapporteur on Contempo-
rary Forms of Racism, Racial Discrimination, Xenophobia and Related Intolerance.
Technical Report A/HRC/44/57. United Nations, New York, NY.

[3] Gary Anderson. 2017. Participatory action research (PAR) as democratic disrup-
tion: New public management and educational research in schools and universi-
ties. International Journal of Qualitative Studies in Education 30, 5 (May 2017),
432–449. https://doi.org/10.1080/09518398.2017.1303211

[4] Alissa N. Antle and Alyssa F. Wise. 2013. Getting down to details: Using theories
of cognition and learning to inform tangible user interface design. Interacting
with Computers 25, 1 (Jan. 2013), 1–20. https://doi.org/10.1093/iwc/iws007

[5] Adolfo Antón. 2018. Visualizar18, Personal Data: selected projects. Retrieved
February 5, 2021 from https://www.medialab-prado.es/en/news/visualizar18-
personal-data-selected-projects

[6] Liz Atkins and Susan Wallace. 2012. Qualitative Research in Education (1st ed.).
SAGE Publications Ltd, Los Angeles, CA.

[7] Lawrence W. Beilenson. 1972. Power Through Subversion (1st ed.). Public Affairs
Press, Washington, DC.

[8] Ruha Benjamin. 2019. Race After Technology: Abolitionist Tools for the New Jim
Code (1st ed.). Polity, Medford, MA.

[9] Joshua Bloom and Waldo E. Martin Jr. 2016. Black Against Empire: The History
and Politics of the Black Panther Party (1st ed.). University of California Press,
Oakland, CA.

[10] Meredith Broussard. 2019. Artificial Unintelligence: How Computers Misunderstand
the World. The MIT Press, Cambridge, MA.

[11] Judith Butler. 1999. Gender Trouble: Feminism and the Subversion of Identity.
Routledge, New York, NY.

[12] Limarys Caraballo, Brian D. Lozenski, Jamila J. Lyiscott, and Ernest Morrell.
2017. YPAR and Critical Epistemologies: Rethinking Education Research. Review
of Research in Education 41, 1 (March 2017), 311–336. https://doi.org/10.3102/
0091732X16686948 Publisher: American Educational Research Association.

[13] Sasha Costanza-Chock. 2018. Design justice: Towards an intersectional feminist
framework for design theory and practice. In Proceedings of the Design Research
Society 2018 (DRS ’18, Vol. 2). Social Science Research Network, Rochester, NY,
529–540. https://doi.org/10.21606/drs.2018.679

[14] Ben Kei Daniel. 2017. Big data and data science: A critical review of issues for
educational research. British Journal of Educational Technology 50, 1 (Nov. 2017),
101–113. https://doi.org/10.1111/bjet.12595

[15] Dipti Desai. 2020. Educating for social change through art: A personal reckoning.
Studies in Art Education 61, 1 (Jan. 2020), 10–23. https://doi.org/10.1080/00393541.
2019.1699366

[16] Mollie Dollinger and Jason M. Lodge. 2018. Co-creation strategies for learning
analytics. In Proceedings of the 8th International Conference on Learning Analytics
and Knowledge (LAK ’18). ACM, New York, NY, 97–101. https://doi.org/10.1145/
3170358.3170372

[17] Eyebeam. 2018. Eyebeam. Retrieved February 5, 2021 from https://www.eyebeam.
org/

[18] Taciana Pontual Falcão, Rafael Ferreira Mello, Rodrigo Lins Rodrigues, Ju-
liana Regueira Basto Diniz, Yi-Shan Tsai, and Dragan Gašević. 2020. Per-
ceptions and expectations about learning analytics from a Brazilian higher
education institution. In Proceedings of the Tenth International Conference on
Learning Analytics & Knowledge (LAK ’20). ACM, Frankfurt, Germany, 240–249.
https://doi.org/10.1145/3375462.3375478

[19] Orlando Fals Borda. 1988. Knowledge and People’s Power Lessons with Peasants
in Nicaragua, Mexico and Colombia. Indian Social Institute, New Delhi, India.
(Original work published 1986).

[20] Rebecca Ferguson. 2014. Learning analytics: Drivers, developments and chal-
lenges. International Journal of Technology Enhanced Learning 4, 5/6 (Dec. 2014),
304–317. https://doi.org/10.1504/IJTEL.2012.051816

[21] Paulo Freire. 2000. Pedagogy of the Oppressed. Continuum, New York, NY.
(Original work published 1968).

[22] Douglas J. Gagnon and Jack Schneider. 2019. Holistic school quality measurement
and the future of accountability: Pilot-test results. Educational Policy 33, 5 (July
2019), 734–760. https://doi.org/10.1177/0895904817736631

[23] Josh Gardner, Christopher Brooks, and Ryan Baker. 2019. Evaluating the fairness
of predictive student models through slicing analysis. In Proceedings of the 9th
International Conference on Learning Analytics & Knowledge (LAK ’19). ACM,
New York, NY, 225–234. https://doi.org/10.1145/3303772.3303791

[24] Dragan Gašević, Shane Dawson, and George Siemens. 2015. Let’s not forget:
Learning analytics are about learning. TechTrends 59, 1 (Jan. 2015), 64–71. https:
//doi.org/10.1007/s11528-014-0822-x

[25] Ben Green. 2020. Data Science as Political Action: Grounding Data Science in a
Politics of Justice. SSRN Scholarly Paper ID 3658431. Social Science Research
Network, Rochester, NY. https://papers.ssrn.com/abstract=3658431

[26] Lisa Hardy, Colin Dixon, and Sherry Hsi. 2020. From data collectors to data
producers: Shifting students’ relationship to data. Journal of the Learning Sciences
29, 1 (Jan. 2020), 104–126. https://doi.org/10.1080/10508406.2019.1678164

[27] Kenneth Holstein, Shayan Doroudi, Tom Fikes, Kyle Jones, Chase McCoy, Michael
Meaney, and David Lang. 2019. Fairness and equity in learning analytics sys-
tems (FairLAK). In Companion Proceedings of the 9th International Conference on
Learning Analytics & Knowledge (LAK ’19). ACM, New York, NY, 500–503.

[28] Bell Hooks. 2014. Teaching To Transgress: Education as the Practice of Freedom
(1st ed.). Routledge, London, England.

[29] Ioana Jivet, Maren Scheffel, Marcus Specht, and Hendrik Drachsler. 2018. License
to evaluate: Preparing learning analytics dashboards for educational practice.
In Proceedings of the 8th International Conference on Learning Analytics and
Knowledge (LAK ’18). ACM, Sydney, NSW, Australia, 32–40. https://doi.org/10.
1145/3170358.3170421

[30] Yeonji Jung and Alyssa Friend Wise. 2020. How and how well do students
reflect?: Multi-dimensional automated reflection assessment in health professions
education. In Proceedings of the 10th International Conference on Learning Analytics
& Knowledge (LAK ’20). ACM, Frankfurt, Germany, 595–604. https://doi.org/10.
1145/3375462.3375528

[31] Manu Kapur. 2008. Productive failure. Cognition and Instruction 26, 3 (July 2008),
379–424. https://doi.org/10.1080/07370000802212669

[32] Jeremy Knox, Ben Williamson, and Sian Bayne. 2020. Machine behaviourism:
Future visions of ‘learnification’ and ‘datafication’ across humans and digital
technologies. Learning, Media and Technology 45, 1 (Jan. 2020), 31–45. https:
//doi.org/10.1080/17439884.2019.1623251

[33] Christopher Krauss, Agathe Merceron, and Stefan Arbanowski. 2019. The
timeliness deviation: A novel approach to evaluate educational recommender
systems for closed-courses. In Proceedings of the 9th International Conference
on Learning Analytics & Knowledge (LAK ’19). ACM, Tempe, AZ, 195–204.
https://doi.org/10.1145/3303772.3303774

[34] Rap Research Lab. 2020. Rap Research Lab. Retrieved February 5, 2021 from
https://www.rapresearchlab.com

[35] Charlotte Larmuseau, Pieter Vanneste, Piet Desmet, and Fien Depaepe. 2019. Mul-
tichannel data for understanding cognitive affordances during complex problem
solving. In Proceedings of the 9th International Conference on Learning Analytics &
Knowledge (LAK ’19). ACM, Tempe, AZ, 61–70. https://doi.org/10.1145/3303772.
3303778

[36] Bruno Latour. 1987. Science in Action: How to Follow Scientists and Engineers
Through Society. Harvard University Press, Cambridge, MA.

[37] Kurt Lewin. 1946. Action research and minority problems. Journal of Social Issues
2, 4 (Nov. 1946), 34–46. https://doi.org/10.1111/j.1540-4560.1946.tb02295.x

[38] Fanjie Li, Xiao Hu, and Ying Que. 2020. Learning with background music: A
field experiment. In Proceedings of the 10th International Conference on Learning
Analytics & Knowledge (LAK ’20). ACM, Frankfurt, Germany, 224–229. https:
//doi.org/10.1145/3375462.3375529

[39] Phil Long and George Siemens. 2011. Penetrating the fog: Analytics in learning
and education. EDUCAUSE Review 46, 5 (Sept. 2011), 6.

[40] Katerina Mangaroska, Kshitij Sharma, Michail Giannakos, Hallvard Trætteberg,
and Pierre Dillenbourg. 2018. Gaze-driven design insights to amplify debugging
skills: A learner-centered analysis approach. Journal of Learning Analytics 5, 3
(Dec. 2018), 98–119. https://doi.org/10.18608/jla.2018.53.7

[41] Michael Meaney and Tom Fikes. 2019. Early-adopter iteration bias and research-
praxis bias in the learning analytics ecosystem. In Companion Proceedings of the
9th International Conference on Learning Analytics & Knowledge (LAK ’19). ACM,
Tempe, AZ, 14–20.

[42] Medialab-Prado. 2015. OJO al DATA Exhibition. Data Culture, Economy and
Politics. Retrieved February 5, 2021 from https://www.medialab-prado.es/en/
activities/ojo-al-data-exhibition-data-culture-economy-and-politics

[43] Yeshimabeit Milner. 2021. Data for Black Lives. Retrieved February 5, 2021 from
https://d4bl.org/

[44] Inge Molenaar, Anne Horvers, Rick Dijkstra, and Ryan S. Baker. 2020. Personal-
ized visualizations to promote young learners’ SRL: The learning path app. In

https://doi.org/10.1145/3375462.3375520
https://doi.org/10.1145/3375462.3375520
https://doi.org/10.1080/09518398.2017.1303211
https://doi.org/10.1093/iwc/iws007
https://www.medialab-prado.es/en/news/visualizar18-personal-data-selected-projects
https://www.medialab-prado.es/en/news/visualizar18-personal-data-selected-projects
https://doi.org/10.3102/0091732X16686948
https://doi.org/10.3102/0091732X16686948
https://doi.org/10.21606/drs.2018.679
https://doi.org/10.1111/bjet.12595
https://doi.org/10.1080/00393541.2019.1699366
https://doi.org/10.1080/00393541.2019.1699366
https://doi.org/10.1145/3170358.3170372
https://doi.org/10.1145/3170358.3170372
https://www.eyebeam.org/
https://www.eyebeam.org/
https://doi.org/10.1145/3375462.3375478
https://doi.org/10.1504/IJTEL.2012.051816
https://doi.org/10.1177/0895904817736631
https://doi.org/10.1145/3303772.3303791
https://doi.org/10.1007/s11528-014-0822-x
https://doi.org/10.1007/s11528-014-0822-x
https://papers.ssrn.com/abstract=3658431
https://doi.org/10.1080/10508406.2019.1678164
https://doi.org/10.1145/3170358.3170421
https://doi.org/10.1145/3170358.3170421
https://doi.org/10.1145/3375462.3375528
https://doi.org/10.1145/3375462.3375528
https://doi.org/10.1080/07370000802212669
https://doi.org/10.1080/17439884.2019.1623251
https://doi.org/10.1080/17439884.2019.1623251
https://doi.org/10.1145/3303772.3303774
https://www.rapresearchlab.com
https://doi.org/10.1145/3303772.3303778
https://doi.org/10.1145/3303772.3303778
https://doi.org/10.1111/j.1540-4560.1946.tb02295.x
https://doi.org/10.1145/3375462.3375529
https://doi.org/10.1145/3375462.3375529
https://doi.org/10.18608/jla.2018.53.7
https://www.medialab-prado.es/en/activities/ojo-al-data-exhibition-data-culture-economy-and-politics
https://www.medialab-prado.es/en/activities/ojo-al-data-exhibition-data-culture-economy-and-politics
https://d4bl.org/


Subversive Learning Analytics LAK21, April 12–16, 2021, Irvine, CA, USA

Proceedings of the 10th International Conference on Learning Analytics & Knowl-
edge (LAK ’20). ACM, Frankfurt, Germany, 330–339. https://doi.org/10.1145/
3375462.3375465

[45] Evgeny Morozov. 2014. To Save Everything, Click Here: The Folly of Technological
Solutionism. PublicAffairs, New York, NY.

[46] Sahba Akhavan Niaki, Clint P. George, George Michailidis, and Carole R. Beal.
2019. Investigating the usage patterns of Algebra Nation tutoring platform. In
Proceedings of the 9th International Conference on Learning Analytics & Knowledge
(LAK ’19). ACM, Tempe, AZ, 481–490. https://doi.org/10.1145/3303772.3303788

[47] Safiya Umoja Noble. 2018. Algorithms of Oppression: How Search Engines Reinforce
Racism. New York University Press, New York, NY.

[48] Xavier Ochoa, Federico Domínguez, Bruno Guamán, Ricardo Maya, Gabriel
Falcones, and Jaime Castells. 2018. The RAP system: Automatic feedback of oral
presentation skills using multimodal analysis and low-cost sensors. In Proceedings
of the 8th International Conference on Learning Analytics and Knowledge (LAK
’18). ACM, New York, NY, 360–364. https://doi.org/10.1145/3170358.3170406

[49] Xavier Ochoa, Simon Knight, and Alyssa Friend Wise. 2020. Learning analytics
impact: Critical conversations on relevance and social responsibility. Journal of
Learning Analytics 7, 3 (Dec. 2020), 1–5. https://doi.org/10.18608/jla.2020.73.1

[50] Paul Prinsloo. 2017. Fleeing from Frankenstein’s monster and meeting Kafka on
the way: Algorithmic decision-making in higher education. E-Learning and Digi-
tal Media 14, 3 (May 2017), 138–163. https://doi.org/10.1177/2042753017731355

[51] Paul Prinsloo. 2020. Data frontiers and frontiers of power in (higher) education:
A view of/from the Global South. Teaching in Higher Education 25, 4 (May 2020),
366–383. https://doi.org/10.1080/13562517.2020.1723537

[52] Paul Prinsloo and Sharon Slade. 2017. An elephant in the learning analytics
room: The obligation to act. In Proceedings of the Seventh International Learning
Analytics & Knowledge Conference (LAK ’17). ACM, New York, NY, 46–55. https:
//doi.org/10.1145/3027385.3027406

[53] Bonnie Ruberg and Spencer Ruelos. 2020. Data for queer Lives: How LGBTQ gen-
der and sexuality identities challenge norms of demographics. Big Data & Society
7, 1 (Jan. 2020), 205395172093328. https://doi.org/10.1177/2053951720933286

[54] Nikol Rummel, Erin Walker, and Vincent Aleven. 2016. Different futures of adap-
tive collaborative learning support. International Journal of Artificial Intelligence
in Education 26, 2 (June 2016), 784–795. https://doi.org/10.1007/s40593-016-0102-
3

[55] Juan Pablo Sarmiento, Fabio Campos, and Alyssa Wise. 2020. Engaging students
as co-designers of learning analytics. In Companion Proceedings of the Tenth
International Conference on Learning Analytics & Knowledge (LAK ’20). ACM,
Frankfurt, Germany, 29–32.

[56] Vanessa Scholes. 2016. The ethics of using learning analytics to categorize
students on risk. Educational Technology Research and Development 64, 5 (Oct.
2016), 939–955. https://doi.org/10.1007/s11423-016-9458-1

[57] Neil Selwyn. 2019. What’s the problem with learning analytics? Journal of
Learning Analytics 6, 3 (Dec. 2019), 11–19. https://doi.org/10.18608/jla.2019.63.3

[58] Neil Selwyn. 2020. Re-imagining ‘learning analytics’ . . . A case for starting again?
Internet and Higher Education 46 (July 2020), 100745. https://doi.org/10.1016/j.
iheduc.2020.100745

[59] Simon Buckingham Shum, Rebecca Ferguson, and Roberto Martinez-Maldonado.
2019. Human-centred learning analytics. Journal of Learning Analytics 6, 2 (July
2019), 1–9. https://doi.org/10.18608/jla.2019.62.1

[60] Sharon Slade and Paul Prinsloo. 2013. Learning analytics: Ethical issues and
dilemmas. American Behavioral Scientist 57, 10 (March 2013), 1509–1528. https:
//doi.org/10.1177/0002764213479366

[61] SoLAR. 2020. From SoLAR Executive Committee: Statement of Support and Call
for Action. Retrieved February 5, 2021 from https://www.solaresearch.org/2020/
06/statement-of-support-and-call-for-action/

[62] David Stevens. 2020. The Academic Support Index: A Tool for Contextualizing Stu-
dent Data. In The Cambridge Handbook of Applied School Psychology, Dante D. Dix-
son, Frank C. Worrell, and Tammy L. Hughes (Eds.). Cambridge University Press,
Cambridge, MA, 138–154. https://www.cambridge.org/core/books/cambridge-
handbook-of-applied-school-psychology/academic-support-index-a-tool-for-
contextualizing-student-data/2B3671675F5F491113D4F04457D0598C

[63] Hana Vrzakova, Mary Jean Amon, Angela Stewart, Nicholas D. Duran, and
Sidney K. D’Mello. 2020. Focused or stuck together: Multimodal patterns reveal
triads’ performance in collaborative problem solving. In Proceedings of the Tenth
International Conference on Learning Analytics & Knowledge (LAK ’20). ACM,
Frankfurt, Germany, 295–304. https://doi.org/10.1145/3375462.3375467

[64] BenWilliamson, Sian Bayne, and Suellen Shay. 2020. The datafication of teaching
in higher education: Critical issues and perspectives. Teaching in Higher Education
25, 4 (May 2020), 351–365. https://doi.org/10.1080/13562517.2020.1748811

[65] Alyssa Friend Wise. 2020. Educating data scientists and data literate citizens
for a new generation of data. Journal of the Learning Sciences 29, 1 (Jan. 2020),
165–181. https://doi.org/10.1080/10508406.2019.1705678

[66] Karen Yeung. 2017. ‘Hypernudge’: Big data as a mode of regulation by design.
Information, Communication & Society 20, 1 (Jan. 2017), 118–136. https://doi.org/
10.1080/1369118X.2016.1186713

[67] Jack Zipes. 2011. Fairy Tales and the Art of Subversion (1st ed.). Routledge, New
York, NY.

https://doi.org/10.1145/3375462.3375465
https://doi.org/10.1145/3375462.3375465
https://doi.org/10.1145/3303772.3303788
https://doi.org/10.1145/3170358.3170406
https://doi.org/10.18608/jla.2020.73.1
https://doi.org/10.1177/2042753017731355
https://doi.org/10.1080/13562517.2020.1723537
https://doi.org/10.1145/3027385.3027406
https://doi.org/10.1145/3027385.3027406
https://doi.org/10.1177/2053951720933286
https://doi.org/10.1007/s40593-016-0102-3
https://doi.org/10.1007/s40593-016-0102-3
https://doi.org/10.1007/s11423-016-9458-1
https://doi.org/10.18608/jla.2019.63.3
https://doi.org/10.1016/j.iheduc.2020.100745
https://doi.org/10.1016/j.iheduc.2020.100745
https://doi.org/10.18608/jla.2019.62.1
https://doi.org/10.1177/0002764213479366
https://doi.org/10.1177/0002764213479366
https://www.solaresearch.org/2020/06/statement-of-support-and-call-for-action/
https://www.solaresearch.org/2020/06/statement-of-support-and-call-for-action/
https://www.cambridge.org/core/books/cambridge-handbook-of-applied-school-psychology/academic-support-index-a-tool-for-contextualizing-student-data/2B3671675F5F491113D4F04457D0598C
https://www.cambridge.org/core/books/cambridge-handbook-of-applied-school-psychology/academic-support-index-a-tool-for-contextualizing-student-data/2B3671675F5F491113D4F04457D0598C
https://www.cambridge.org/core/books/cambridge-handbook-of-applied-school-psychology/academic-support-index-a-tool-for-contextualizing-student-data/2B3671675F5F491113D4F04457D0598C
https://doi.org/10.1145/3375462.3375467
https://doi.org/10.1080/13562517.2020.1748811
https://doi.org/10.1080/10508406.2019.1705678
https://doi.org/10.1080/1369118X.2016.1186713
https://doi.org/10.1080/1369118X.2016.1186713

	Abstract
	1 The Need for a Subversive Stance
	2 A Subversive Stance for Learning Analytics
	3 The Subversive Stance in Action
	3.1 Unpacking Assumptions in Learning Analytics
	3.2 Interrogating and Updating Design Practices
	3.3 New Kinds of Design Products

	4 Conclusion
	Acknowledgments
	References

