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ABSTRACT
Increased technological capacity to collect and use data has created
both new possibilities for benefiting individuals and societies, and
critical questions of what is acceptable and just [31]. Because early
definitions of data literacy have often excluded aspects of power,
equity, empowerment, and emancipation, children’s learning expe-
riences have focused more on the potential benefits compared to
the critical questions. In this review article, we examine the impor-
tance of teaching critical data literacy to children as a key aspect of
developing fluency with data. Using constructionist principles [67]
as a guiding framework, we synthesize 48 educational research and
design approaches that engage youth with data projects. We de-
scribe how these projects provide students with information about
data’s origins and perspectives, and assist them in identifying, ana-
lyzing, and presenting data. Finally, we provide design implications
and concrete examples on how constructionist approaches can be
utilized for teaching critical data literacy.

CCS CONCEPTS
• Social and professional topics→ Computing literacy; • Se-
curity and privacy→ Human and societal aspects of security and
privacy; • Human-centered computing → Interaction design
theory, concepts and paradigms.
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1 INTRODUCTION
With nearly half of young people reporting being online “almost
constantly” [3], their personal data collected through online activi-
ties [65] has engendered excitement about tracking and interpreting
their data in unprecedented ways. Additionally, the emerging field
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of data science [6] has also altered the way educators and adminis-
trators use data for educational decisions [70]. The combination of
these factors has multiple implications for youth. Recognizing the
role contemporary youth play in navigating a “datafied” culture
[59] there is increasing interest in how to better prepare students
in K-12 and undergraduate levels to work with data [33, 55]. The
result is a growing number of emerging standards and journal
special issues focusing on data science education across different
fields [34, 73, 91]. Scholars have suggested that young people need
to learn multiple ways of generating, interpreting, and visualizing
data [55], especially personal data that individuals generate through
everyday activities [65].

All of these arguments are centered around developing data
literacy skills: students should be educated to “read, work with,
analyze and argue with data” [8]. However, within this paradigm,
learners are rarely taught to question what data is used for or
how it is shaping society. For example, Code.org’s “CS Discoveries”
series provides a broad range of computational topics. However,
the focus is on learning programming concepts as it only briefly
touches on questions about data and society [48]. Furthermore,
these arguments do not address the ways in which data can be
used to reinforce biases and power structures [48], and the impact
that data-driven processes can have on people’s lives [41]. Data is
not just a neutral recording of facts, but rather it is encoded with
specific meanings and stripped of details, contexts, nuances, and a
multitude of social, cultural, and psychological factors [48].

More critical perspectives within data literacy (which we term as
critical data literacy) are needed in the learning processes [41] that
can enable learners to critically perceive “the way they exist in the
world with which and in which they find themselves” [36, p. 12].
An early advocate of critical questioning in learning contexts was
Paulo Freire, an educator and author of Pedagogy of the Oppressed,
a pioneering text on critical pedagogy. Our work contributes to
the emerging literature on critical data literacy with reference to
Freire’s work [36]. Tygel & Kirsch [85] first used the term to draw
parallels between Freirean approaches to literacy education and
data literacy models [22]. D’Ignazio & Bhargava [29] also build
on Freire’s ideas when suggesting approaches to big data literacy.
Several scholars have begun exploring innovative ways to teach
critical data literacy. One effective strategy for developing critical
data literacy in youth is the use of arts-based representational
techniques and media. These methods empower learners to interact
with and understand the data that is relevant to their personal
experiences [7]. This approach not only helps youth learn with
data but also encourages them to take a more active role in creating
and shaping it [8].
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At present, we recognize that there is an emerging need to teach
critical data literacy to youth for navigating an increasingly data-
driven world. We provide a review of recent and current K-12 and
undergraduate data science educational approaches in formal and
informal contexts through the lens of constructionism. Taking a
constructionist approach may be effective as it seeks to understand
youths’ conceptions of data and their limitations by examining
how they construct meaningful data artifacts in a social context
[41]. We translate the three principles of constructionism—the con-
tinuity principle, the power principle, and the principle of cultural
resonance—for future constructionist integration with youth data
science education. Additionally, we also explore the potential ben-
efits of using a constructionist approach to teach critical data lit-
eracy and investigate whether this approach can impact desired
educational outcomes. Therefore, our paper addresses the follow-
ing research questions: In learning experiences that foster critical
literacy, what can constructionist pedagogy afford for learners? What
are the design approaches and strategies used in prior empirical work
on critical data literacy that can be framed in terms of existing con-
structionist theory and how can they inform future design, practice,
and scholarship?

Our focus is on projects that center perspectives of young people,
highlighting the connections between these projects and the three
principles of constructionism. Constructionist ideas have guided
the evolution of a broad range of learning technologies, especially
those around computation and making [45]. By situating construc-
tionism in learning environments, learners shift from passive and
declarative knowledge to interactive and practical knowledge [57].
However, to the best of our knowledge, apart from individual studies
in specific contexts (e.g., [22] that focuses on the Scratch program-
ming language and online community), constructionist pedagogy
and design approaches have not been systematically investigated
in terms of its role in fostering critical perspectives about data.
Therefore, there are two levels of contributions of this work. One
lies in the reflection of a broader goal shared by the educational
technology community: to support students in sharing stories, ex-
pressing ideas, and arguing for change with data, while assuming
a critical perspective. We contribute to this broader goal in that
our work synthesizes the findings from a broad range of empirical
settings and pedagogical approaches toward a general understand-
ing of what fostering critical data literacy looks like. The second
contribution is a set of design implications, along with concrete
examples that might be more generally applicable and informa-
tive when designing learning environments to foster critical data
literacy.

In the following sections, we first discuss related work, and then
provide background on critical data literacy and the principles of
constructionism. Next, we outline the methods used to conduct our
review, followed by our findings. Finally, we offer suggestions for
future research and work in this field.

2 RELATEDWORK
Several prior reviews have focused on developing and evaluating
strategies for promoting critical data literacy in both formal and
informal K-12 education environments. Most recently, Louie [58]
examined eight K-12 learning interventions that aimed to promote

critical data literacy using Gutstein’s model of social justice peda-
gogy [39] and Franklin and Bargagliotti’s model of the data inquiry
cycle [34]. Lee et al. [54] conducted a systematic review of data
science interventions in K-12 education using the data feminism
framework described by D’Ignazio and Klein [25]. Additionally, Lee,
Wilkerson, and colleagues [50] examined data education through a
humanistic lens, considering the personal, cultural, and sociopoliti-
cal layers of working with data. Wilkerson & Polman [91] published
a special issue exploring data science interventions focusing on the
social and environmental contexts of data collection and analysis.
Lee & Wilkerson [55] have also conducted a systematic database
search on data use by middle and secondary students in science
classroom practice. We build on these works while connecting to a
framework (viz. constructionism) that has been often used in the
design of creative learning tools and experiences that are adjacent
(e.g., learning to code).

3 BACKGROUND
Our work is informed by previous research on critical pedagogy,
data literacy, and constructionist learning. In this section, we define
the key theoretical ideas that form the pillars of this prior research.

3.1 Critical Data Literacy
Critical data literacy encompasses understanding the origins of
the data and the perspectives of those who handle it, as well as
the ability to identify, analyze, and present data in a way that
supports new narratives or clarifies existing ones [44]. Developing
a clarified narrative can include students using data to examine and
challenge dominant narratives in society, or to create their own
counter-narratives that focus on issues they are passionate about
[48]. Critical data literacy can be further explained using Tygel &
Kirsh [85] and Philip et al. [69] frameworks. Grounded in Paulo
Freire’s literary method [36], Tygel & Kirsh [85] examine data’s
ability to empower by breaking critical data literacy down into four
parts: data reading, data processing, data communication, and data
production. Here, reading refers to understanding how data was
generated and its context, processing refers to the transformation
of data into information, communication refers to finding the best
match between data types to communicate information effectively,
and production refers to the ability to create and publish data in an
ethical and accessible manner [85].

Another effort in developing a theory of critical data literacy for
youth is the data framework for democratic participation proposed
by Philip et al. [69]. By grounding their framework within socio-
cultural theories of learning [64, 74], critical pedagogy perspectives
[36, 37], as well as Delpit’s notion of the “culture of power” [23],
Philip and colleagues examine big data as a means to understand
equity and social justice [69]. They argue that for students to engage
in data work to transform society, youth need to “see themselves
as doers and creators of data science, people who can engage with
and use data for their own purposes and goals” [69, p. 114-115].

In line with thework of Philip et al. [69], a number of studies have
focused on advancing critical data literacy through an equity and
justice lens. For example, to make systemic injustices visible in the
classroom, Calabrese Barton and Tan [15] highlight the importance
of reframing learning as a joint effort for rights, involving students
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in critical discussions about political injustices, and challenging
established power dynamics. D’Ignazio and Klein [25] focus on
rethinking of justice and equity through the lens of Data Feminism,
advocating the inclusion of dimensions typically excluded from data
science, such as care, emotion, relationality, and context [54]. John-
son et al. [44] leverage principles of critical race theory to develop a
community of practice centered around work with data, and engage
in conversation around data literacy, race, racism, and equity. As
these examples show, it is vital that we, educators and designers,
approach data critically and immerse ourselves to include aspects
of power, equity, and emancipation while teaching data literacy.
Consequently, if we do not emphasize critical perspectives while
teaching data literacy, there is an imminent risk of amplifying the
framing of data-driven and data-mediated approaches as an over-
whelmingly positive force for society, while de-emphasizing the
harms that these approaches can bring, especially to marginalized
communities.

The objective of our paper is therefore to review ways in which
critical data literacy can be fostered in youth so they can navigate
a world increasingly driven and mediated by data, and to draw
from Eubanks [31, p. 131], recognize not only the new possibilities
afforded by data, but also question whether these possibilities are
acceptable and just within our broader social structures and values.

3.2 Constructionism in fostering Critical Data
Literacy

The phrase “to understand is to invent” is attributed to the con-
structivist educator Jean Piaget. Seymour Papert’s constructionism
builds on this viewpoint of learners as active builders of knowledge.
At the same time, it also emphasizes the importance of learning
by making, where learners interact socially to share their thoughts
and understandings. In Papert’s own words: “Constructionism [. . . ]
shares constructivism’s view of learning as ‘building knowledge
structures’ through progressive internalization of actions.” [66, p. 1].

Our foundational approaches are derived from combining the-
ories of constructionism [66] to foster critical data literacy. We
take this approach because constructionist principles ensure that
critical perspectives are incorporated into learning settings with-
out displacing the focus from developing data literacy skills [24].
Additionally, because constructionism offers learners support for
multiple pathways of learning [83], novices and learners who self-
identify as “non-technical” can greatly benefit from it [24]. Con-
necting constructionism with feminist theories also supports the
idea of working with personally meaningful and “less detached”
forms of knowledge to empower new learners to argue for change
with data [83]. For the scope of this paper, the three principles we
draw from constructionism are the continuity principle, the power
principle, and the principle of cultural resonance [67]. In this section,
we define and explain each principle, as well as relate the principles
more specifically to the domain of critical data literacy.

3.2.1 Continuity Principle. The continuity principle argues that
activities should be connected to some “well-established personal
knowledge” through which the participants can inherit “warmth,
value, and cognitive competence” [67, p. 54]. Learners have choices
in deciding what types of questions can be answered with data and
determining whether the data they need has been collected in the

first place [24]. The degree of freedom [89] is left to students for
exploration. Facilitators help students experiment with ideas, and
learners are provided with opportunities to participate in real-world
activities that are relevant to them. This approach embraces the
view that learning is not minimally guided but optimally guided
[81]. In line with feminist approaches, the learning environment is
grounded in meaningful contexts [13]. As a result, when learners
bring their own context and lived experience into the classroom,
they are equipped to ask better questions, uncover missing or bad
data, reflect on the data’s limitations, and perhaps even challenge
the data collection practices [24].

3.2.2 Power Principle. The power principle states that one must
engage in work that is personally meaningful and that it cannot be
accomplished through other available means [67]. This principle
sees knowledge as a source of “personal power”—e.g., the computa-
tional concept of a variable being useful for drawing a spiral pattern
on the screen, as wished by the learner [67, p. 74]. Based on this
principle, students invent methods to describe and explore patterns
in data [76], and create new mediums of expression through data
that reflect what they know, personally value, and relate to. The
ability to create a personally meaningful project also helps build
confidence in nontechnical learners and creates a low barrier to
entry for engaging in data literacy projects. The artifacts created in
this process function as “objects to think with” that allow students
to simultaneously visualize, reflect on, and test their data analysis
process with others [24].

3.2.3 Principle of cultural resonance. The principle of cultural res-
onance asserts that the activity must “make sense [within] a larger
social context” [67, p. 54], and once students construct the knowl-
edge for themselves, it is important to share with others and receive
critique [66]. A concrete style of reasoning results from the ability
to manipulate and refine these objects repeatedly [83]. Moreover,
shared knowledge is constructed when artifacts are shared in col-
laborative learning environments [1]. This principle emphasizes
the importance of learners actively engaging with the data analysis
and visualization process by reusing and remixing code in real-time.
It also encourages the inclusion of diverse perspectives during the
data collection stage by seeking input from stakeholders [75], and
fostering reflection on the role of biases within the context of the
individual learner, through critique sessions and other methods.
According to Papert, this is an iterative and cumulative learning
process that incorporates planning and bricolage [83]. Additionally,
this principle foregrounds the envisioning of a better world through
technological fluency and interpretation [1]. By relating what they
have done to the broader context of how data operates within dis-
courses of power, privilege, and societal inequities, learners can
embody and crystallize thought into action.

4 RESEARCH METHODOLOGY
4.1 Procedure
The semi-systematic review approach that we have employed in this
study is rooted in the literature discussed by Snyder [79] and is built
on the ideas of Wong et al. [92]. The aim of this type of review, as
Snyder states, is to “identify and understand all potentially relevant
research traditions that have implications for the studied topic and
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to synthesize these using meta-narratives instead of by measuring
effect size” [79, p. 335].

Given the above points, a semi-systematic review approach was
chosen for our study mainly due to three reasons: Firstly, the emerg-
ing field of critical data literacy is directly connected with several
research areas (e.g., science education, statistics education, math-
ematics education, learning sciences, and computer science). Sec-
ondly, we recognize that every author may not use the term “critical
data literacy” to describe projects that develop critical perspectives
on data. For example, Shapiro [78] teaches students about the ethi-
cal implications of data collection and use as part of a data ethics
class, while D’Ignazio and Klein [25] center their work on rethink-
ing justice and equity in data science through the lens of Data
Feminism. Thirdly, we acknowledge that we do not cover all venues
where critical data literacy research is published. This follows a
standard practice for semi-systematic literature reviews in that we
do not claim to cover all critical data literacy projects, but rather a
representative sample of such projects that take a constructionist
approach, using a criteria that is explained in the following section.

4.2 Paper Selection
To build our corpus, we started by identifying common themes and
patterns across critical data literacy and constructionism that would
form the foundation of our analysis. The first step in this process
involved consulting two authoritative sources on data literacy, as
listed in Table 1, where the authors of these sources aimed to be as
comprehensive as possible in their scope. We selected these sources
based on the relative recency of the papers and the established
expertise of the authors. After going through the two authoritative
sources, the lead author developed a table that mapped the three
constructionist principles, as expressed by Papert [67], to construc-
tionist learning approaches which was further mapped to various
skills fostered in critical data literacy. The author team met over a
period of two months to iteratively refine an initial set of 11 codes
related to the connections between constructionist pedagogy and
critical data literacy. Through this process, we arrived at a final
set of eight codes on which we reached consensus and resolved
any disagreements. To organize our code book and make it easily
accessible, we then created a chart (Figure 1) that demonstrates the
procedure we used to identify constructionist-based approaches to
teach critical data literacy.

From there the corpus was expanded by reviewing publications
cited within those authoritative sources. Under this approach, we
required at least one published document that reviewers and readers
could refer to at the time of writing. As a first step, we determined
whether a cited publication would be included based on the rele-
vance of the title. When collecting papers, at this stage, we sought
projects where students interacted with and made sense of data.
This could include projects that integrated issues pertaining to the
collection, analysis, interpretation, representation, visualization,
and communication of data. This was done iteratively as the list
of publications expanded. Papers whose titles were ambiguous or
likely to be relevant were also included in this stage.

After building the initial corpus, we refined it by reading the
abstracts. While screening the abstracts, we only included projects
that integrated explicit attention to issues pertaining to critical

Enable 

connecting and 

reasoning with  

data

Students understand data more fully as the product of 
complex societal factors.

Students enage in projects involving critical consciousness 
and student identity

Students pose questions for analysis and analyze data to 
substantiate or promote a new or clarifed narrative

Enable critical 

reflection with 

data

Students explore and create new methods of expression 
through data that reflect what they know, personally value, 
and relate to

Students use data to understand themselves in new ways

Students design experiments or observational studies

Enable 

meaning-making 

work with data

Students understand themselves as people capable of using 
data for multiple purposes

Students collect and engage with data that come out of 
personally important cultural spheres

Continuity 

Principle

Principle of 

Cultural 

Resonance

Power

Principle

Figure 1: A hierarchy showing how the three constructionist
principles relate to the papers that we analyzed for this study

data literacy, such as teaching methodologies, design studies, and
analyses of computational tools. Projects that support the develop-
ment of related concepts like statistical reasoning or computational
thinking, but do not engage in building critical data literacy, were
excluded. For example, papers that focused on teaching statistics
with spreadsheet software or articles that discussed general pro-
gramming education were not considered (e.g., [43]). As a third step,
the remaining articles were screened more extensively by reading
(parts of) the papers and following it with eligibility checks using
the inclusion and exclusion criteria (Table 2).

Since our paper aims to provide an overview of recent and cur-
rent data science educational approaches from a constructionist
perspective, our final selection included papers that enabled con-
nection to data, critical reflection with data, and meaning-making
work with data. The publications didn’t have to relate to all three
of the parameters listed in Figure 1. We have included works that
explicitly focus on, or discuss either concrete artifacts for critical
data literacy projects, evaluate a solution for building critical data
literacy or design a study to explore critical data literacy. Further,
we have chosen not to include thesis work, panel announcements
and work-in-progress papers.

During the paper selection process, we had to consider the dif-
fering perspectives on what constitutes a constructionist activity.
While some scholars point out the importance of minimally guided
discovery, others argue that some guidance is needed and that
constructionism is all about the learner constructing their own un-
derstanding through hands-on exploration [5]. To address this, we
defined constructionist learning experiences as those that include
(i) student-centered discovery, (ii) a learning environment rooted
in meaningful contexts, (iii) peer feedback, reflection, and iterative
refinement, and (iii) envisioning a better world through technology
fluency and interpretation [1]. Similarly, in the course of our re-
view, we had to consider the question of whether a physical artifact
was necessary for an activity to be considered constructionist. For
example, if students are learning about plant growth at the pop-
ulation level and evaluating data, is it a constructionist project?
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Title Publication venue Num. of papers iden-
tified

A Call for a Humanistic Stance Toward K–12 Data Science Education [56] Educational Researcher 31
Taking Data Feminism to school: A synthesis and review of pre-collegiate
data science education projects [54]

British Journal of Educa-
tional Technology

43

Table 1: Overview of the starting corpus with the initial number of papers identified for further screening

Inclusion Criteria Exclusion Criteria

Articles whose subjects were K-12 or undergraduate students in
formal or informal learning environments.
Articles either presenting concrete artifacts for fostering critical
data literacy, evaluating strategies for developing critical data liter-
acy, or designing new approaches to explore critical data literacy.
Articles on projects enabling connection to, critical reflection on,
or meaning-making work with data.

Articles whose participants were professional students enrolled in
skill-focused career and technical education courses.
Articles around related concepts like statistical reasoning or com-
putational thinking that did not explicitly aim to research data
literacy and/or data science education and/or critical data literacy
or articles that discussed general programming education.

Table 2: Inclusion and exclusion criteria that we used in the third step of our paper selection process

According to Papert, constructionism involves “building knowl-
edge structures” and adds the idea that “this happens especially
felicitously in a context where the learner is consciously engaged
in constructing a public entity, whether it’s a sand castle on the
beach or a theory of the universe.” [66, p. 2]. Therefore, for our
purposes, we decided to include a project if it supported learners’
conceptual understanding without requiring a physical artifact to
be constructed. Additionally, we chose to focus on literature whose
participants were K-12 and undergraduate students in both formal
and informal learning environments, as these programs tend to
be grounded within a context of inquiry [44] and critical thinking,
which is well-aligned well with the scope of our paper.

This process yielded 119 papers, which were filtered to 90 with
the removal of duplicates; 76 papers were screened, with 14 ex-
cluded by title and abstract, and a further 14 papers excluded fol-
lowing review of full text after a round of inclusion and exclusion
coding, leaving a final total of 48 papers that fit the inclusion crite-
ria.

5 FINDINGS
In this section we provide an in-depth look at how the three prin-
ciples of constructionism, as described in §3.2, emerge within the
designs and practices of critical data literacy instruction.

5.1 Continuity Principle
The continuity principle within critical data literacy connects learn-
ing to “well-established personal knowledge” through which the
participants can inherit “warmth, value, and cognitive competence”
[67, p. 54]. As part of this principle, learners learn to critically re-
flect with data by taking an active role in collecting, analyzing and
investigating data that are personally meaningful to them.

5.1.1 Students collect and engage with data that come out of per-
sonally important cultural spheres. A personal connection with data
facilitates learners’ ability to think critically when collecting and

analyzing data, allowing them to determine what data is needed
and how to transform that data into meaningful information. For
example, in Clegg et al.’s study [19], Division I student-athletes’
collected and analyzed their personal data to inform their practice,
play, and even daily habits (e.g., sleep, screen time). The continuity
principle emerges in this study in two ways. Firstly, by having the
students collect and analyze their own personal data, students had
to consider the methodologies used as well as the level of detail
in the collection process [85]. Understanding that data collection
methodologies are designed to highlight some aspects and not oth-
ers is an important aspect of critically reflecting on data’s origins,
as it helps students gain an understanding of the problematic non-
neutral aspect of data [85]. Secondly, by interpreting the collected
data as a metric of their performance, it helped students estab-
lish the notion that data was already a part of their of lives [85].
Thus, when students merge their learning environment with their
surrounding reality [66], they can understand that knowledge is
“situated” and cannot be detached from the contexts in which it is
created or realized [1, 11, 74].

Learners can also find themselves embedded within various pub-
lic datasets. For example, historical census and voting data provide
large-scale information on legislation, policy opinions, and local
demographics. Additionally, satellites, tide gauges, and other au-
tomated devices collect weather, climate, air, and water quality
benchmark data multiple times every day [91]. The vast range of
public datasets available can enable students to view themselves as
people who can use data for purposes that interest them - whether it
is for “intellectual, social, civic, ethical [or] aesthetic” purposes [69].
Some examples of student investigations where learners extensively
engaged with public datasets include [7, 8, 27, 30, 75, 82, 87, 90].
Other instances that demonstrate how learners find themselves
embedded in data include, students engaging with data analysis
cycles about self and movement [2, 16, 40, 47, 53, 71]. These studies
underscore the importance of learners having access to their own
data.
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5.1.2 Students pose questions for analysis and analyze data to sub-
stantiate or promote a new or clarified narrative. Critical data literacy
includes learners identifying and analyzing data to clarify prevailing
narratives in our society or to develop their own counter-narratives
that surface issues they are passionate about. Consistent generation
and engagement with data that examines the different facts and
categories considered (what was present versus what was hidden)
can bring into light hidden realities and construct novel concepts
[85]. This approach to data analysis can be particularly beneficial in
educational contexts, as early research suggests that using complex,
“messy” public data can be more advantageous for students than
textbook-like data from secondhand sources [55]. The multivariate
relationships that may be present in a public dataset allow learners
to have choices in deciding the type of questions that can be an-
swered with data. For instance, in Wilkerson and Laina’s project
[90], students used publicly available data to gather insights about
their local community’s years-long rodent problem. Having a per-
sonal connection with data allowed learners to formulate insightful
questions, as learners independently developed investigative ques-
tions and identified sources of data [90]. The degree of freedom [89]
was left to the students, leading to a diverse range of investigations
within the same project. As part of data processing [85], a key skill
developed by the students was linking data to other sources of
information, such as temperature and land area. Another example
demonstrating degree of freedom [89], includes Wilkerson et al.’s
data storytelling project [24], where students explored patterns of
climate change in their personal “special places” anywhere in the
world. As in the previous example, the teachers acted as facilitators,
guiding learners but allowing them to make decisions about the
direction of their project. These projects demonstrate how facilita-
tors can effectively guide students by balancing their investigation
of data with the right amount of support and guidance. This ap-
proach can be especially helpful if students become overwhelmed
searching for meaningful relationships, or if they lose sight of the
goals of inquiry as different patterns are revealed [55].

5.2 Principle of Cultural Resonance
The principle of cultural resonance stresses the importance of under-
standing the social context within which data exists and is collected.
It encourages students to think critically about the data they re-
ceive, and to consider how it reflects on their own identity and
beliefs. Additionally, it helps students understand and apply data to
their lives and see themselves as multifaceted users of data, thereby
developing a deeper understanding of themselves and their world.

5.2.1 Students understand data more fully as the product of complex
social factors. It is important to consider the principle of cultural
resonance when developing critical data literacy programs, as it
allows learners to go beyond the pragmatics of analyzing and rea-
soning with data. Enyedy et al. [30] exemplify the importance of
understanding the limitations of the data [85] with their study of
urban students who used GIS maps to study their own communities
and demographic trends. The study showed that learners may not
always feel that the data lent insight or argumentative power to
what they already knew and experienced about past and current
inequities. Therefore, it is important to politicize the use of data,
and look at it not only from the perspective of a passive user but

also in the context of someone who can critique the hidden as-
pects of data [85]. Incorporating students’ lived experiences into
classroom projects, as Enyedy et al. [30] demonstrate, can help
students better grasp the political and complex nature of data. To
critically examine race and power relations, Philip et al. [68] argue
that racial literacy is essential for developing critical perspectives
towards data. However, only a few educators and researchers fully
consider the power and political nuances involved in data collection
activities, or educate youth about them [56]. A growing body of
evidence suggests that learners can better understand patterns, self,
and society when engaging with social, political and economic di-
mensions of data [56]. For example, Kahn [46] led a project, where
students examined how racism, civic and educational opportuni-
ties, and financial concerns have impacted people’s movement to
different parts of the country. Youth conducted interviews with
relatives and reviewed library archives related to family migration,
comparing the dominant narrative versus the testimonials of peo-
ple with firsthand experience of what they saw happen [46]. This
approach constructs shared knowledge and mitigates limitation of
the data by obtaining perspectives from varied stakeholders [54].
A study by Rubel et al. [75] on inspecting local lottery system, for
example, encouraged students to speak with different community
members (lottery ticket buyers, shopper clerks, etc.) as part of the
data collection process. Several other projects also emphasize the
importance of assessing individual and local perspectives alongside
the inferences made from larger datasets [7, 14, 68]. Therefore, to
fully understand the world through data, it is crucial to address
central concerns embedded in the raw data by being aware of its
interpretive possibilities, recognizing its original context, and en-
gaging in an iterative learning process.

5.2.2 Students engage in projects involving critical consciousness
and student identity. As students become more aware of issues sur-
rounding how digital data is gathered and used by various systems,
they also become aware about the possible avenues for exclusion
generated through certain data-driven algorithms. This was evident
in the work of Calabrese Barton et al. [14], who partnered with
youth and civic groups to raise valid questions about the aims and
potential biases of COVID-19 data. Among other questions, learners
asked if the groups they identified with were represented in the data,
given that limited data was collected from key populations that
were negatively affected, such as indigenous nations in the United
States [14]. Moreover, the values, biases, and histories embedded
in the dataset, and inequities that may be caused or exacerbated
by the biased lenses and framings of the data science algorithms
should also be critiqued and examined. This is demonstrated in
the study conducted by Cummings et al. [20], where students were
encouraged to use strategies, such as looking for evidence of bias or
emotion in the information, researching the author/organization’s
credentials, verifying the information via other sources, etc. before
completing an analysis of police traffic stops. At the same time,
discussing the social, political, and racial dimensions of data may
require talking about the power and privilege that exists within the
data set, which determines whose voices get heard [54].

In addition to the biases that are inherent within data, prior
research [17, 49, 84] has established that learners exhibit various
biases in their data-based reasoning [55]. However, students can
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demonstrate greater sophistication in analysis and inference mak-
ing by receiving appropriate support from instructor and classroom
experiences. Specifically, the principle of cultural resonance encour-
ages students to provide feedback and critiques to one another, and
inspires learners to strive for shared understandings. This appears
in the project carried out by Philip et al.[68] where students exam-
ined a visualization of Netflix data to identify ‘popular’ film rentals
by neighborhood demographics. It wasn’t until a few students dived
deeper into the data that the class began to recognize films popular
among Black communities [68]. Therefore, once students construct
the knowledge for themselves, it is important to share with others
and receive additional feedback. This can also equip students to
ask better questions, uncover missing or bad data, reflect on the
data’s limitations and perhaps even challenge the data collection
practices [24]. Even when students have proximal experiences with
a data set, the ability to see, assess, and use the learning outcomes
is still vital as learners are likely to draw limited conclusions from
their own data sets and view other data sets as authoritative, in
part due to direct knowledge of the shortcomings of the data they
collected [42]. By encouraging students to invent, receive critique
and iterate over their own understandings and representations of
data, learners can develop richer understandings of what is being
shown and what is properly inferred [26].

5.2.3 Students understand themselves as multifaceted users of data.
The principle of cultural resonance also promotes students’ under-
standing of themselves as people capable of using data for multiple
purposes. This arises in a study conducted by Bowler et al. [9],
where teenagers in public libraries in Pittsburgh saw themselves as
users and owners of data through the use of social media platforms,
the creation of mobile media, and the ownership of mobile devices.
Furthermore, this principle emphasizes how students can use data
to envision a better world. For example, in Taylor and Hall’s work
[82], youth collected data to identify safe bicycle riding areas in
their neighborhood, enabling the mayor’s office to better hear youth
voices on urban planning decisions. A similar example is a study
conducted by Van Wart et al. [87], where students used data in an
attempt to persuade city leaders to follow a set of recommendations
for a park restoration project. Both of these examples shed light on
how students can use data to bring about positive change. While
there isn’t much research in this area [56], the principle of cultural
resonance encourages students to critically reflect on their role
as multifaceted data users by examining their relationships with
their communities, neighborhoods, and larger societal structures.
This includes considering how these groups and individuals are
impacted by structures of power, privilege, and inequality that exist
at the local, national, and global level.

5.3 Power Principle
The power principle within critical data literacy emphasizes stu-
dents engaging in meaning-making work with data. In order to
process data and understand themselves in new ways, students
need to situate their encounters with the world in appropriate cul-
tural contexts to understand “what they are about” [12]. Based on
this principle, students also invent methods to describe and explore
patterns in data [76] and create newmediums of expression through
data that reflect what they know, personally value, and relate to.

5.3.1 Students use data to understand themselves in new ways. Crit-
ical data literacy encourages engagement with data in learners’
cultural contexts, which help students gain a better understanding
of their lived experiences, beliefs, and values. This is important in
countering instructional practices that foreground statistical rea-
soning and present data as objective and devoid of context [35].
In the literature reviewed, the use of wearable technologies such
as fitness trackers was employed as a valuable tool for illustrat-
ing how learners are situated within their cultural contexts [16],
[51], [52], [50]. For example, as part of elementary statistics class-
room unit, Lee et al. [51] integrated wearable activity trackers for
students to compare favored recess activities to determine which
were more physically demanding. In their use of physical activity
data, Lee and colleagues [53] advocate for a “quantified self” ap-
proach where data across groups of learners are pooled together
to highlight patterns and variability. Additionally, Philip et al. [68]
also highlight the importance of peer-generated data from mobile
technologies as a valuable learning tool for students. This type
of data-driven learning encourages students to better understand
the complexities of their own cultural identity in relation to that
of others and can help learners develop an appreciation for the
diversity that exists within their communities. In addition to self
tracking devices, log data is also being used to help students engage
in self reflection about themselves and their broader community.
Scratch Community Blocks is an another attempt to support such
reflection [21]. Through these blocks, youth are able to query data
about the Scratch user community, such as how popular a particular
user is, or which programming blocks are most used. [21]. Thus,
by critiquing, questioning, and debating the implications of social
data analytics, students have gained a sense of critical data literacy
through these experiences [41].

5.3.2 Students explore and create newmethods of expression through
data. The power principle also encourages students to build arti-
facts with materials readily available in their classrooms and homes.
Data sculptures, which map a variable onto a physical artifact [7],
can be an effective way for students to communicate patterns found
in their exploration of data. For example, in a study conducted by
Matuk et al. [61], a seventh grade student arranged crayons, scis-
sors, and hair elastics to symbolize the relationships found in the
Pew dataset about teen’s use of social media. Another example
includes a group of elementary students mapping air pollution to a
more abstract rendering on a loom [7]. Additionally, Stornaiuolo’s
[80] data stories project allowed high school students to narrate sto-
ries about themselves and their world through data T-shirts using
personal data they curated and collected. Here too, the artifacts are
grounded in real-world experiences of the learners, allowing them
to explore and construct their own knowledge. As another method
of expression, Bhargava et al. [8] incorporated Freire’s Popular Edu-
cation approach to have students aged 14 to 24 create a “data mural”
using local data to depict their community. This process of turning
data into art was described by participants as “drawing with lots of
information” [8, p. 211].

Furthermore, students’ artifacts also become “objects-to-think-
with [67, p. 11]”. The process of creating and refining their arti-
facts allows for contemplation and negotiation, demonstrating the
creators’ ideas through many manifestations [13]. For example, a
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student may start with one medium, such as clay, but switch to
another, such as yarn, when it proves to be more effective in repre-
senting their findings [61]. Additionally, the variability of the nature
of materials also draws from long histories of more empowering
approaches to learning. Teaching data literacy to students with
technical backgrounds, such as computer science and mathematics
is different from teaching data literacy to non-technical students
or novice learners [24]. However, both technical and non-technical
learners can express themselves and tell stories with data when
using arts-integrated data projects grounded in constructionist the-
ories. The use of interdisciplinary approaches to data literacy can be
very beneficial for engaging disengaged students and for support-
ing deeper learning of critical data perspectives [80]. Additionally,
hands-on learning builds confidence for novice learners and creates
a low barrier to entry for technical disciplines essential for later
learning [93].

5.3.3 Students design experiments and observational studies. Stu-
dents can further engage with data in sophisticated and mean-
ingful ways by designing their own experiments. As opposed to
step-by-step instructional classroom activities, the power principle
encourages students to generate different kinds of solutions with
no single “right” answer. Designing experiments with data is first
and foremost a means of helping students understand what kinds
of questions can be answered (or at least partially answered) us-
ing data, as well as figuring out if the data one needs is actually
collected [24]. Then, once learners understand what kinds of ques-
tions may be answered with data, students can proceed with using
data to understand real-world phenomena, using data as evidence,
arguing from data, and negotiating the meaning of data in various
contexts [55]. For example, in Makar & Rubin’s project [60], stu-
dents used data to investigate plant growth in different conditions
and examined whether the plant heights in each condition differ
from each other after a set period of time. There are also a growing
number of simulations and games that support students in design-
ing experiments to make meaning of data. One example is the River
City/EcoMUVE project [62] where a mysterious health issue or
ecological issue was simulated in three-dimensional, multi-user
virtual world. Students were then encouraged to collect data such
as interviews with virtual denizens, scientific sample collection
from rivers and lakes, observations, and so on to solve the scientific
mystery [62]. Another way that simulations have been explored
is through embedding fictional events such as earthquakes into
classroom space [63]. In Moher’s project [63], students designed
a study to locate earthquake epicenters using simulated seismo-
graphic data displayed on devices in different classroom locations.
When children learn to characterize general phenomena that are
worth learning about, they develop a basis for thinking about the
world and how it functions. These examples illustrate how chil-
dren’s learning can be more meaningful when they use data to
develop a basis for thinking about themselves and the world.

6 DISCUSSION
The discussion in the literature review lends us insights for develop-
ing a critical understanding of data in youth. Based on the reviewed
literature on data-focused constructionist projects, the learning en-
vironment or experience can be planned such that learners can (i)

connect and reason with data (ii) participate in projects that enable
the construction of knowledge about the varied purposes of data,
and (iii) develop new methods of expression that reflect what they
know, personally value and relate to. Taking this into consideration,
designers of learning environments that integrate constructionism
with critical data science education should carefully consider if and
how the three principles, viz., continuity principle, power principle,
and the principle of cultural resonance are realized in the technical
and pedagogical design. In addition, the insights gained from this
study revealed several trends as well as opportunities for further
research that can be used to inform the design of future learning
environments. In this section, we highlight these key findings of
our work, and discuss the resultant three design opportunities.

6.1 Exploring intermediate possibilities that
combine student agency and structure

Given that critical data literacy is explicitly concerned with the
perspectives and personal experiences of the learner, a construc-
tionist approach is particularly well-suited for enabling students to
make meaning with data. However, in school-classrooms contexts,
the content of education is determined by the unified curricula,
textbooks, and exams. Due to the high emphasis placed in struc-
ture, students do not have high agency in implementing different
ways of doing and learning. This makes it challenging to propose
open-ended activities that are relevant and engaging to every stu-
dent, and conflicts with a constructionist approach of student led
discovery. However, in constructionist classrooms the role of the
teacher and student is not constrained to a particular structure. The
teacher may facilitate student learning by providing resources, op-
timal guidance, and support, while the student takes responsibility
for their own learning.

In the course of this literature review, we found little prior work
that addressed supporting teachers in implementing construction-
ist approaches to teach data literacy, as well as in supporting and
holding students accountable for their own learning in such en-
vironments. The absence of this literature suggests that there is
vast potential for further exploration into how educators and stu-
dents adapt to constructionist data literacy activities in a formal
educational environment. Inspired by Karen Brennan’s dissertation
work [10], we suggest that structure and agency need not be in
opposition to each other when designing learning environments.
Educators can facilitate constructionist data literacy activities, by
first providing scaffolding activities that allow students to acquire
data literacy skills and build confidence in their ability to use data.
This can take the form of employing simple, gratifying projects. As
students progress, teachers can give them ample opportunities to
trust their ideas and explore possibilities surrounding their projects
by experimenting on their own. For example, students can be en-
couraged to understand different kinds of data-driven questions
based on what is meaningful to them and their communities. At
this point, teachers can ask students to share their thought pro-
cesses and probe them to identify linkages between their individual
lives, culture, and values that may be contributing to the evolu-
tion of their design process. This practice is inspired by Eleanor
Duckworth’s research. In her book Tell Me More [28], she highlights
the importance of the facilitator’s involvement as an encouraging
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listener to sustain the learner’s interest in discovering something
new. As students share their ideas, it allows them to pause, think,
and reflect on their work. Resnick [72] highlights reflection as a
critical part of the creative learning process where children engage
in discussions to evaluate their design and thinking process. Schön
[77] suggests this concept, calling it “reflect in action” (while doing
something) and “reflect on action” (after you have done it). In uti-
lizing these conceptual frameworks, instructors can allow students
to think creatively and take risks, while also providing structure.
Thus, educators and students can both benefit from this approach,
resulting in more engaging learning experiences.

6.2 Acknowledging varied backgrounds of
students

As part of building critical data literacy, in the literature reviewed
we found examples of projects that encouraged learners from di-
verse backgrounds to think critically about the non-neutral aspects
of data, to identify what data is meaningful and what might be
biased or incomplete, or if information needs to be corroborated
with additional sources. Although some data-driven constructionist
projects have been successful in engaging learners with diverse
backgrounds, broader efforts are still needed to create an inclusive
and empowering learning environment that facilitates an open ex-
change of ideas between students. For example, previous research
has shown that homogeneous and culturally dominant students can
control classroom interactions and drive the whole class toward
their thinking, while marginalized voices not interested in popu-
lar topics can be ignored [38]. Additionally, students might have
widely varying degrees of background knowledge and extracur-
ricular experience to draw upon, and what a “basic” discovery is
for one student might not be the case for others. To ensure that
all students are given equitable opportunities to participate in dis-
cussions and share their ideas, we propose that practitioners work
towards creating opportunities for students to share their individ-
ual backgrounds, experiences, and perspectives with the class. This
can be implemented by making space for discourse in classrooms,
where learners can engage in conversations with their own or other
peoples’ artifacts and obtain feedback. Educators should also strive
to create a safe space for students to voice their perspectives, to ask
questions and to challenge assumptions. A study by Everson and
colleagues [32] found that building trust and overcoming broader
inequities outside the classroom were essential to making space
for critical conversations. In their study students quickly engaged
in counter-narratives about computing and linked them to their
personal lives once trust was built [48]. Another way to build under-
standing of the student body is to create opportunities for students
to explore personally relevant data and discuss the implications
of the data with their classmates. In a culturally heterogeneous
environment, it is important to remember that data can be eas-
ily misinterpreted and can create false impressions or stereotypes
about certain individuals or populations. Therefore, practitioners
should also take into account the potential for bias in data and
carefully consider context and accuracy to ensure that all students
can engage in meaningful dialogue.

6.3 Decentralized curation of local datasets
Many studies in our corpus focused on students collecting data
about themselves using wearable activity trackers, self-surveying,
or asking questions to their peers. Another means of working with
data was through publicly available historical, census, voting, and
satellite data. While the collection of publicly available datasets
is vast, in some cases the critical use of data will occasionally be
hindered by missing data or poorly organized data from students’
local communities. In some cases, researchers have sought to fill
this gap by using online map services (eg, Google Maps) [82] and
geographic information systems [34], as it allowed learners to build
and challenge how those data were interpreted based on their own
personal experiences living in those locales [54]. Building on prior
work and seeking inspiration from the CORGIS project [4], which
in addition to providing public data supports the integration of new
datasets with libraries for Java, Python, and Racket, we propose a
decentralized curation of local datasets. To ensure that all voices
are heard and that all perspectives are included in the conversation,
Lee and colleagues [54] suggest that data work should be a collabo-
rative effort rather than one person taking on the task alone [54],
and propose inviting multiple stakeholders to participate in relating
their experiences [54]. Open Data portals that are run at geograph-
ically local levels (e.g., by municipal authorities) can be leveraged
to some extent, but they are not available everywhere, and their
quality varies [86]. Furthermore, they are not necessarily designed
for educational activities. A more focused and curated effort, target-
ing educational use, and supporting local-level participation and
contribution may be beneficial.

7 LIMITATIONS
In this review, we chose two sources that we deemed authoritative
on data literacy to build the corpus. However, the process of de-
termining these sources as authoritative is inherently subjective
and influenced by our own positionality. Additionally, these two
sources [54, 56] had the same lead author, which may introduce a
bias in perspective on the state of data literacy, resulting in some
blind spots. As a result, we acknowledge that the selection of pa-
pers reviewed may be subject to bias and may have limited the
inclusivity of the corpus and the resulting findings. Furthermore,
since what constitutes a constructionist activity is an open question,
our determination of constructionist learning approaches may not
cover the whole breadth of constructionism. Another potential lim-
itation of this study is the ambiguity surrounding what constitutes
“data”. The definition of data may vary among individuals, which
may result in differing perspectives on the state of data literacy. The
other point to consider is that besides numerical measurements,
data can also include qualitative information like images, videos,
and verbal comments. Although we considered both quantitative
and qualitative data, the sample we reviewed skewed more toward
quantitative data.

Although our paper delves into constructionist approaches for
cultivating critical data literacy, it does not incorporate the complex
interdependence of cultural, power, and equity considerations in
the design and implementation of constructionist projects [88]. The
selection of activities to sample is also limited in that we did not
include papers related to artificial intelligence (AI) education in
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our review, although there has been nascent research on youth
collecting data, building AI models and evaluating them. For ex-
ample, Zimmermann et al. [94] investigated how youth with no
programming experience can incorporate ML classifiers into ath-
letic practice by building models of their own physical activity.
Despite the importance of exploration, making, and play in AI edu-
cation projects, their emphasis on learning technical concepts and
processes was out of scope for this paper. Additionally, since we
required a published document for reviewers and readers to refer to
at the time of writing, we were unable to include projects that did
not have an academic publication. One example of such projects is
St. Clair’s Data Games and Data Science Games project [18], which
invites students to build visualizations, organize, and manipulate
their gameplay using log data in real-time. A final limitation of our
study is that it is primarily focused on projects implemented in an
informal learning context and didn’t capture how teachers used
similar activities in a classroom context. That said, we offer our
work in the hopes that future scholars will be able to use this as
a starting point to further investigate current teacher practices in
teaching critical data literacy.

8 CONCLUSION
It has been exciting to see the broad range of empirical settings,
pedagogical and design innovations that has been employed to sup-
port learners in not only learning about the possibilities offered by
data, but also question them. Our work contributes to this broader
effort by synthesizing and distilling some of the principles and
strategies that occur repeatedly across these works, and connect
them to an existing theoretical framework that has been often ap-
plied in adjacent contexts. We hope that these contributions will
be of use to future scholars and practitioners who want to support
learners become active and informed participants in a data-driven
and mediated world.
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