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Abstract

This paper introduces the concept of digital structural violence and examines the negative role
it could have in future learning systems. To address it, we propose a new interdisciplinary
research agenda at the intersection of three current but disparate lines of work that:

1. Use the concept of epistemic privilege to theorise the inclusion of marginalised
learners in the design of learning systems, and utilise participatory action research and
emancipatory methodologies to pragmatically ensure this happens;

2. Support young learners and teachers to understand and build their own artificial
intelligence algorithms;

3. Develop sustainable interdisciplinary links with computer science to address digital
structural violence at the algorithmic level and to make its societal implications and
underlying processes more widely understood, especially by teachers.

Taken together, these provide for a material form of resistance to digital structural violence
and a theoretically and methodologically coherent future research agenda for building just
learning systems.

1. Introduction

The aim of this paper is to discuss the potential negative consequences of artificial intelligence
in learning, through a novel conceptualisation we term digital structural violence. We propose a
research agenda on artificial intelligence (Al) in future learning systems. This is designed
specifically to address the needs of the most marginalised, as they are the group who will suffer
the most from digital structural violence. By the 2020s, many are predicting that Al will be
commonplace in technology enhanced learning (Luckin et al., 2016) and although the future
is likely to be complex, we believe that Al will likely be a very relevant consideration in the
learning landscape. While predicting the future is always a fraught exercise, our examination
of what digital structural violence might look like over the next 10 years is based on a concrete
extrapolation from existing research on (a) digital inequality, (b) social exclusion from
educational opportunities and (c) technical developments in artificial intelligence. While the
precise future form of digital structural violence remains unknown, we hypothesise that it will
be shaped by: (i) new Al algorithms; (if) data that reflects and promotes the aims of those with
powers; (iii) decision-making algorithms that are increasing difficult to dissect but paradoxically
will gain increased currency; and (iv) an ahistorical view that loses sight of AI’s gensis as a
force for good, particularly in the fields of children’s programming (Kahn, 1977) and
ubiquitous computing (Kidd et al., 1999)).

Currently, we are seeing a renaissance for the field of Artificial Intelligence in Education
(AIEd) due to the considerable excitement around new machine learning techniques, which
attempt to personalise learning in fundamentally new ways. To understand how common this
approach has become, we can already see its use (and improvements over time) in many real
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world applications today: for example, Al conversational agents have become common in
phones and PCs (e.g. Siri, Cortana, Google Assistant); recommender systems are now a well-
established feature on shopping websites; algorithms are being used to diagnose disease in
some areas with similar accuracy to humans, digital surveillance is being used in schools and
in public spaces, and driverless vehicles are on the horizon. How has this been made possible?
A central reason is that the availability of vast amounts of data (e.g. hundreds of millions of
photos are uploaded to Facebook every day) has enabled the development of powerful new
Al algorithms can make predictions for an individual based on examining patterns in these
very large datasets. Essentially neural networks are used to train a ‘machine intelligence’ with
lots of examples from which it can learn (Vandewaetere, Desmet & Clarebout, 2011). This is
sometimes called ‘deep learning’ and differs from the previously dominant rules-based
approach in AIEd, which relied upon the development of complex learner, domain and
instructional models.

However, a critical disadvantage of pattern-based approaches is that they are open to serious
biases as they reflect the data they were trained with. While there is an absence of studies of
bias in research related to education and technology, this has been an active area of research
in other sectors: For example, studies have highlighted gender and racial biases in systems for
career development and systems built to predict future criminals (e.g. Angwin et al., 2016; Kay
et al., 2015), with a 2017 paper in Science reporting that datasets often contain “accurate
imprints of our historic biases, whether morally neutral as toward insects or flowers, [of]
problematic as toward race or gender” (Caliskan, Bryson & Narayanan, 2017).

Facial recognition software has been shown to be significantly biased towards being able to
recognise male faces, and men and women with the lightest skin tones (Buolamwini and
Gebru, 2018); search engine results similarly privilege white men, and discriminate against
people of colour, particularly women (Noble, 2018); and there are many concerns around the
digital inequalities rendered around issues of gender (e.g. the default settings of Amazon’s
female assistant Alexa) (Eynon, 2018).

Though the examples above have clear implications for informal learning, these questions
have less often been asked within more formal Educational settings. From past work on the
links between education, technology and inequality we know that inequalities can be reinforced
or exacerbated by educational technologies (White and Selwyn, 2012; Funes and Mackness,
2018; Macgilchrist, 2019). While these may not be intentional, they often have a structural
dimension, where advances in technologies benefit those who are already in a position of
power. For example, in the case of young people, research has demonstrated that they vary
significantly in their level of competence in using technology (Davies and Eynon, 2013;
Hargittai, 2010). Those who are better off — and better connected — are able to make more
meaningful use of technology, in contrast to those young people who experience constrained
usage, leading to them sometimes being openly hostile to technology (Eubanks, 2012) due to
the significant unequal social structures they face (Robinson, 2009; Eynon and Geniets, 2016).

To take another well-known example, Massive Open Online Courses (MOOC:s) started out
as a way to “democratise education” by providing free access to online university courses.
However, in practice those who were supposedly going to benefit most from technology often
ended up being least likely to do so. For example, research has detailed how “HarvardX
registrants ... on average live in neighborhoods with median incomes approximately .45
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standard deviations higher than the US population” (Hansen & Reich, 2015). Research shows
that MOOCs now are a tool for universities to outsource online Masters programmes for
professionals (Reich and Ruipérez-Viliente, 2019). Furthermore, there are concerns of forms
of educational redlining, (i.e. the differential use of Al bots in MOOCs) with those able to pay
provided with a more sophisticated human-mediated experience. Critically, although
technologies are offered to all, how they are implemented and used differs depending on the
interaction between an individual’s agency and social structure. Given what we know about
widening digital inequalities, engendered by ill thought-out uses of learning technologies, it is
tempting to predict that digital inequalities will continue to worsen as Al technology becomes
more pervasive.

This is not a completely new problem, as the issue of digital inequality is seen again and again
as new technologies gain prominence, reproducing disadvantage (Bourdieu, 1977). What is
different this time around is that rather than existing social inequalities being reinforced by
online activities (e.g. Otto et al., 2005; Drentea and Moren-Cross, 2005), it is the extent to which
Al could bring multiple disadvantages together in a manner we have not seen before, across
all life stages and across learning both formal and informal. It is the combination, for example,
of biases in search engines, MOOCs and YouTube, alongside everyday injustice in health,
education and employment that work together to compound disadvantage. This could be at
a systematic and pervasive scale that is unavoidable. It is this we term digital structural violence.

2. Structural violence

“Structural violence” is a term coined by Galtung (1969) to refer to the structural and
institutional constraints placed on (marginalised) people, which prevent them from living the
life they value. Any social structure, be it economic, political, educational or cultural, which
prevents individuals from expressing themselves and developing their full potential, can
accordingly be conceptualized as structural violence. Embedded in social structures, such
violence is often normalised by stable institutions and reproduced within established cultural
practices rooted in a range of political, legal and economic systems (DuNann Winter &
Leighton, 2001). At its most extreme, structural violence leads to significant suffering and
death through, for example, limitations placed on access to medicine or healthcare. However,
violence can be embedded in a wide range of social structures that lead to varied forms of
discrimination and disadvantage related to, for example, race, gender, age, socio-economic
status (SES), geographical location etc. As argued by DuNann, Winter and Leighton, structural
violence produces suffering just as much as direct violence, but the ‘damage is slower, more
subtle, more common, and more difficult to repair’ (2001, p99).

Within an educational context, a great deal of work has been undertaken that highlights a range
of ways in which embedded structures disadvantage different groups or individuals. For
example, work in higher education consistently emphasises the ways in which educational
system-wide structures disadvantage low SES and black, Asian and minority ethnic students’
access to university (O’Sullivan, Robson and Winters, 2018) and negatively shape both
educational outcomes and labour market opportunities (Crawford et al., 2016). Educational
structural violence can be conceptualised in pervasive terms across a wide range of subtle
arenas. For example, increased marketisation across education systems and embedded school
accountability measures can significantly shape the educational experiences and outcomes of
low SES students or individuals with special educational needs, negatively shape the
educational workforce (Robson, Randhawa, and Keep, 2018), and even lead to student
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exclusion (Daniels and Cole, 2010). Structural violence embedded in institutional governance
can lead to casualisation of certain sectors of the educational workforce leading to social,
economic and mental health related consequences (Loveday, 2018).

As described above, technology in educational contexts frequently reproduces social structures
and so has the capacity to reproduce the structural violence embedded within them and the
cultural norms that legitimate that violence. However, technology also has the capacity to
introduce new social, institutional, cultural, political, and economic structures with new forms
of embedded structural violence, often at the expense of the most marginalised groups in
soclety, exacerbating disadvantage. The increasing prominence of Al and its reliance on
structuring algorithms has the potential to deepen these issues. It is therefore critical to
examine existing mechanisms of digital structural violence in order to understand future
developments.

2.1 Existing forms of structural violence: what we already know

The immediate challenge to address is to ensure that learning technologies do not become
another pervasive mechanism for structural violence. While, it is clear from what we have
outlined above that learning systems can already occasionally be a mechanism of structural
violence, we need to be very aware as to how we do not (inadvertently) intensify these
mechanisms. Indeed, pressing discussions need to be had about how to build mechanisms of
resistance that at the very least provide a minimum standard for the reconfiguration of learning
systems as a social good.

We can start by building on what we already know from sociology and educational research
over the past decade, which has placed increased scrutiny on the data and algorithms
underlying Al approaches. A core aim of this work is to understand the social implications of
technical processes, including the ways in which new forms of inequality may emerge from
technical implementation. This can happen in two main ways that are relevant to this paper.
The first is the privilege of experts, meaning that the ways in which algorithms are designed,
implemented and tested is confined to small groups of (often homogenous) experts, who most
likely share a common view of the world. Therefore, they may not be the best community to
self-judge and correct their own biases or be entirely responsible for building technology for
educational purposes. The second is the way in which data collected by technologies ends up
better representing those who have access to, and frequently use, technology. In this way,
existing power relations are reconstituted through these new technical processes. We now
explain these two critical issues in more detail before going on to show how to address each
of them.

2.1.1 The privilege of experts

In response to concerns regarding the uptake in the use of Big Data, boyd and Crawford
(2012) have discussed the need to question “the assumptions, values, and biases of this new
wave of research”, p. 675). Drawing on Manovich (2011), they note the privileges of technical
experts (often industry-based and colloquially now known as “tech bros”) who know how to
analyse these vast datasets, allowing them “to determine the rules about how Big Data will be
used, and who gets to participate” (p. 675). They caution researchers to be aware of the bias
produced by this privilege, including the kinds of research that gets done. However, Al
presents a new problem: the technical processes used to achieve an outcome (translation, for
example) are implementable “without necessarily knowing why they work or being able to
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show the logic behind a system’s decision” (Ananny & Crawford, 2016, p. 9). Computer
scientists know how to design Al systems but the “internal logic” of the algorithms never takes
an observable state. This presents a serious challenge for developing critical consciousness to
address exclusionary decisions that affect marginalised learners disproportionately.
Fortunately, recent work by Al researchers is seeking to address this important issue and we
discuss this further in Section 3.

2.1.2 Social power is reconstituted through technical processes

As Wessels points out, not having an online profile can lead to having less power within a
‘digitally organised society’. This is because such a profile is required to provide certain kinds
of ‘status markers’ that enable authentication. If such markers are not present, then individuals
become routinely excluded from a range of online services in both the commercial and public
sector (Wessels, 2015: 2801). This exclusion could potentially be exacerbated in a data
saturated society. Al systems are now trained based on large datasets of real world uses of
technology (e.g. social media feeds). Yet, not everyone in society is equally represented in these
data sets. Those who are (or have the choice to be) well connected, or particularly active or
extrovert online will be better represented in these large data sets on which Al systems are
trained; and this has implications for learning and education as it does for other areas of society
(Eynon, 2013).

Continuing this theme, Selwyn (2015) points out data’s perceived advantages “reflect an
underlying belief that digital data render social processes and social relations more knowable
and, it follows, more controllable” (p. 66). He too discusses his concerns regarding digital data
and the reproduction of inequalities, drawing our attention to issue of “social power and
control being reinforced, or perhaps reconstituted, through data-driven processes” (p. 71).
Drawing on Manovich (2011), Selwyn highlights the inequalities between people who ‘do
things” with data and people who have things ‘done to them’ with data. He calls for more
research on differential experiences of digital data in education. We address this point further
in Section 3.2.

2.2 Digital structural violence engendered by Al

Revisiting our conceptualisation, digital structural violence is the violence that could occur
when Al brings multiple disadvantages together at a systematic and pervasive scale.
Inequalities are then exacerbated by unknowing Al algorithms and our concerns is that future
learning systems will be designed to promote forms of, and opportunities for, learning that is
increasingly tailored to those with existing advantages. The mechanisms by which this may
happen are already evident on social media and on sites such as YouTube, where informal
learning increasingly takes place' (Pew Research 2018). James Brindle provides an informative
insight” into how these mechanisms work. He examined providers’ content development
processes that were designed to generate high exposure (and thus views) on YouTube, aligned
with their recommendation algorithms. He showed how children’s video content is being
automatically generated, which has led to unsuitable content being made widely available.
What differentiates this example from what has come before is that the infrastructural design
of YouTube: here the underlying algorithms are tuned for maximising revenue streams.
Critically, this led to priority being given, not to the development of quality content, but the
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automatic generation of content for profit. As Brindle notes: “It’s not about trolls, but about
a kind of violence inherent in the combination of digital systems and capitalist incentives”.
Here, the way the system is designed (in this case YouTube) and the way data is generated at
scale means that outputs are generated that promote a type of digital structural violence that
has exposed children (in this case) to forms of engagement that is outside of their cultural
norms, over which they have very little control. This has been driven by algorithmic
incentivisation that has a ‘ranking culture’, which is seen to thrive on controversy and, as
shown by Rieder, Matamoros-Fernandez & Coromina (2018), “systematically beats out
mainstream actors in terms of exposure” (p. 50).

Similarly, in the context of professional learning, increased scrutiny is being placed on the use
of social media to support teachers’ professional development (e.g. Bergviken et al., 2018).
The affordances of online social spaces like Twitter and Facebook are often emphasised in
professional circles as providing teachers with agency to take control of their own professional
development by creating their own educational networks through personalised feeds and
grassroots-based digital discussions (Miller, 2017). However, as highlighted by Robson (2016
and 2018), personalised feeds and social networks can be significantly shaped by dominant
discourses and the political and economic agendas of key stakeholders within online social
spaces. Most importantly, as algorithm-driven personalisation increasingly dominates social
media, users’ personal feeds are all too often shaped by their browsing and particularly online
shopping habits. Displayed content can therefore be a combination of posts that are similar
to those a user has previously engaged with (reproducing dominant discursive structures) and
posts driven by the advertising agendas of commercial partner. The undermining of
professional agency through such embedded and algorithmic structures can be conceptualised
as a form of structural violence that negatively shapes professional knowledge, practice, and
identity.

Within more structured and formal educational contexts, Williamson has highlighted the ways
in which digital data drive university governance in ways that include both human and non-
human actors and increasingly algorithm-driven processes (2018). This work highlights the
sociotechnical networks that underpin educational infrastructure that carry embedded
political, economic and social agendas driven by forces of marketisation. Such digital structures
shape both students’ and university workers’ lives and form part of a wider framework of
technologies of power and digital surveillance (Zuboff, 2019; Eubanks, 2018; O’Neil, 2016)
and, as such, can be conceptualised in terms of digital structural violence.

3. New approaches to tackling digital structural violence

It is possible that as Al becomes increasing normalised, digital structural violence will #of be
seen as deviant but instead will be “defined as moral in the service of conventional norms and
material interests” (Bourgois and Scheper-Hughes, 2004, p. 318). It is therefore important that
as researchers and practitioners, we confront the challenges of contributing to building an
alternative future, where the disadvantages unleashed by digital structural violence are
addressed as early as possible.

In order to examine how we build the material and conceptual resources to combat digital
structural violence, we suggest three potential avenues of future research:
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1. Use the concept of epistemic privilege to theorise the inclusion of marginalised
learners in the design of learning systems. To pragmatically support this, we suggest
using participatory action research and emancipatory methodologies to pragmatically
ensure this happens;

2. Support young learners and teachers to understand and build their own artificial
intelligence algorithms;

3. Develop sustainable interdisciplinary links to computer scientists to address digital
structural violence at the algorithmic level and to make the societal implications and
underlying processes more widely understood, especially by teachers.

We suggest that these avenues of research are considered in light of broader approaches to
the socio-political landscape of technological innovation. These have a long history; for
example, in 1972 Joseph Weizenbaum wrote an article in Secence, in which he discussed the
“impact of the computer on society” (Weizenbaum, 1972). He pointed out that:

“... the computing metaphor is as yet available only to an extremely small set of
people. Its acquisition and internalization, hopefully as only one of the many ways to
see the world, seems to require experience in program composition, a kind of
computing literacy. Perhaps such literacy will become very widespread in the advanced
societal sectors of the advanced countries. But, should it become the dominant mode
of thinking and be restricted to certain social classes, it will prove not merely repressive
in the ordinary sense, but an enormously divisive societal force. For then classes which
do and do not have access to the metaphor will, in an important sense, lose their ability
to communicate with one another.” (p. 613-614)

This point remains very relevant today, perhaps even more so, as we grapple with the wider
negative implications of an Al future. For example, a 2018 special issue of the Philosophical
Transactions of the Royal Society A, considered the ethical, legal, and technical opportunities and
challenges in governing Al in an “accountable, fair and transparent” manner. It is within this
emerging context that we put forward our three area of research focus. In doing so, we do not
seek to undersell the scale of the task. The current neo-liberal logics at the heart of education
systems across the world and wider structural inequalities can constrain significantly the
actions of individuals. However, like other critical scholars we argue that the responsibility for
social change lies with everyone: students, teachers, tech developers, researchers and policy
makers - both in the use and design of technology. This change can be achieved through the
actions of small groups and individuals. The proposals detailed in Sections 3.1-3.3 are a starting
point for such actions.

Our arguments build on past and ongoing commitments to critical scholarship. Scholars
outside of the field of Education have argued for moving beyond a simple critique of the
current direction of travel in data and Al practices, towards a more action-based approach that
suggests practical ways forward to provide more socially responsible outcomes (Daly et al.
2019). Supporters of this view recognise the challenges of local initiatives contributing to large
scale social change, particularly when the current networks of power and privilege are
entrenched. Nevertheless, they view such an approach as important for change to occur.

For example, Green argues for a framework for the education of data scientists to help them
to “recognize themselves as political actors engaged in normative constructions of society and,
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as befits political work, evaluate their work according to its downstream material impacts on
people’s lives” (Green, 2018:7). Green notes that academia does not necessarily value this
kind of data work, policy and non-profits rarely engage in data work, and so data scientists
often end up in the commercial sector with its neo-liberal value systems. Yet while the
curriculum is only one part of a wider strategy for social change, it is an important one. Thus,
Green details an approach to a curriculum for data scientists that could bring about positive
change on an individual but also at the macro level: e.g. the use of placements, learning about
STS, changing the demographics of who become data scientists, and changing the incentive
structures of the field (e.g. changing what good research in this space looks like) (Green, 2018).

In a similar vein, D'Ignazio and Klein (2019) draw on feminist theory to argue for the
importance of multiple actors needing to be involved in data work, that recognises and values
the different views of those involved or implicated in its use, with particular effort and
attention to those who are most marginalised. Such an approach can allow for a range of
possibilities that may result in positive social change. For example, participatory mapping
initiatives that embed community storytelling, facilitating data informed conversations within
and across communities, and using data to support consensus building can all be used to
actively tackle and make visible structural inequalities, highlighting how data is not objective
and neutral, and is instead biased, benefiting those in power and harming others.

Like Green, D’Ignazio and Klein note that data projects may be easier in some domains (e.g.
in activism, law and journalism) but may be more difficult in others because of structural issues
such as a lack of funding for projects that actively take on and question existing power
structures, and the dearth of incentives to those who have access to data to give this to others.
This is because the current structural arrangements suit them, and that inequalities are often
not apparent to those who are benefiting from them (D'Ignazio and Klein, 2019).
Nevertheless, the authors believe these approaches can make a difference at a more structural
level. As the authors note:

“A data scientist is not going to save democracy, but a well-designed, data-driven,
participatory process that centers the standpoints of those most marginalized,
empowers participants and builds new relationships across lines of social difference?
Well, that might just have a chance.” (D'Ignazio and Klein, 2019, n.p.)

We now move on to discuss our three avenues of future research in more detail.

3.1 Working with marginalised groups

To being to address the future influence of digital structural violence, we need to start by
working with learners who are most likely to be affected, which research shows are often the
most marginalised (Farmer, 2004). In brief, we wish to focus on how to achieve this goal both
theoretically and methodologically.

Feminist scholars in the early 1980s developed the concept of epistemic privilege (Harding &
Hintikka, 1983; Hartsock, 1983; Narayan, 1988). It is the claim “that members of an oppressed
group have a more immediate, subtle and critical knowledge about the nature of their
oppression than people who are non-members of the oppressed group” (Narayan, 1988, p.35).
Epistemic privilege has its roots in attempts to help people from different backgrounds in
“working together across difference” (ibid, p.33). Narayan argues that we should not expect
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the oppressed to have clearer knowledge of how they are oppressed as “oppression is often
partly constituted by the oppressed being denied access to education and hence to the means
of theory production, (which would include detailed knowledge of the history of their
oppression, conceptual tools with which to analyze its mechanisms etc.) [and] the oppressed
may not have a detailed causal/structural analysis of how their specific form of oppression
originated, how it has been maintained and of all the systemic purposes it serves” (p. 30).

The implications of this are that researchers need to work together with marginalised learners
to understand the effects and implications of digital structural violence. Methodologically, this
can be achieved in a number of ways but we advocate here for the use of participatory methods
(White et al, 2004) and emancipatory ethnographies (Pane and Rocco, 2009), while keeping in
mind the power structures implicit in any such collaboration between researchers, practitioners
and marginalised groups. The core aim is to privilege the language, perspectives, experience
and capabilities of marginalised learners. This approach could also combine participatory
action research with advanced data analytics and social network analysis as necessary, but as
noted by Abdurahman the complexities of this are often overlooked: “it is not just that
classification systems are inaccurate or biased, it is who has the power to classify, to determine
the repercussions / policies associated thereof and their relation to histotical and accumulated
injustice?””’. Researchers need to work together with marginalised learners to co-develop a
better understanding the biases that are already embedded in the structures of Al systems.
One example is to look for biases in large datasets relevant to education (for example, from
previously run MOOC or VLE modules) used for training Al algorithms and critically
understand the power structures in place than enabled this to happen. Once identified, these
can help researchers generate more representative datasets. Alongside this focus on data, is
the need to explore the wider social, political and economic context that enabled MOOCs to
become such a prevalent focus of discussions on widening participation, in order to also begin
to develop implementation strategies for the use of Al in education that enable positive
change. As work in this area develops, many complex issues will likely emerge. However,
despite the likely challenges, these methodologies are best placed to tackle structural violence,
and far more research of this nature is required.

3.2 Helping young people and teachers to understand and explore Al algorithms
Every day there is news of new applications of machine learning that can enhance social life.
Sometimes it is for entertainment as when SnapChat filters add animations or distort people's
faces®. Sometimes it saves lives as when students used machine learning to predict wildfires’.
These examples show the positive possibilities of AI. Addressing digital structural violence
does not mean a rejection of Al, but rather recognition that Al is a complex social and cultural
artefact that can be reconfigured and reshaped.

We believe that a key part of addressing digital structural inequalities is to expose young people
and teachers to the positive as well as negative possibilities of Al as early as possible. The way
we chose to develop and use Al is a choice that we as a society make. It has been long
recognised that one fundamental way to achieve this is through Education. Indeed, Al for
children already existed in 1977 (Kahn 1977). An important part of such an educational
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programme, is to enable young people to use Al to become better motivated and empowered
to produce their own artefacts. Recently, interesting programmes and activities that have been
developed to support students making Al programs, including Al websites (e.g. Google AIY
and Machine Learning for Kids websites®), the Wolfram Language (Wolfram, 2017) and the
eCraft2Learn project. In our recent work on eCraft2Learn (Kahn & Winters, 2018), one of
the new block programming languages Snap! (Harvey and Moning, 2010) has been extended
to provide an easy-to-use programming interface to powerful Al cloud services (as well as
other Al functions within the browser). Furthermore, pre-trained machine learning models
can be loaded, extended, and used in student projects. Young people can design and build
impressive intelligent artefacts by composing and customizing components provided by
world-class Al teams. Among the reasons for doing this are that students may become better
motivated and empowered to produce very capable artefacts, while learning about cloud
services, artificial intelligence, and other advanced technologies. These future developments
can proceed iteratively with user testing to provide insights into the young people’s perception
of AL These kinds of initiatives, together with a wider focus on media and digital literacy (e.g.
Krutka et al., 2019; Pangrazio, 20106; reference removed for blind review) is an important component
of change. With much discussion today focused on the risks of employment due to the
automation of many jobs, ways in which young people, from all backgrounds, can be supported
to program Al services promotes learning and understanding of AI’s potential and the skills
by which to use it in new, creative and effective ways.

Young people are, of course, not the only stakeholders who need to develop understandings
about Al algorithms, teachers and other experts in education also need to learn about what
data and Al is good for and what it is not so good at. Tackling the rhetoric around Al as the
ultimate solver of societal problems to demonstrate the partial, often narrow, and general
limitations of Al systems in education and society are important, to ensure educators expertise
is still valued and made use of (Ozga, 2016; Ratner et al., 2018).

3.3 Working with the technical community to make Al systems accountable

Digital structural violence has two core aspects which we now discuss in more detail: (1) its
underlying technical process and (2) the associated strategies for their implementation. An
example of a technical process is the composition of training data and the code developed to
analyse it. An example of an implementation strategy is a procedure to ensure that the needs
of marginalised learners are addressed.

As technical processes are often hidden and both Al and implementation are not well
understood by the general public, transparency and accountability have become key concerns
(Pasquale, 2015). From a sociological perspective, this is urgent work as understanding these
processes is increasingly becoming a key form of human (and even social) capital. As Porter
notes “the quantifiers have constructed the world in which they excel.” (Porter, 1994: 403).
Thus, a key role the technology community can play is to make their data easier to engage with
and their algorithms and decision processes easier to understand. This would enable
educational experts of all kinds to utilise data in ways that were appropriate — including
challenging and in some cases disregarding it. We already know that the opaque nature of the
data, and the illusion of complete accuracy make it difficult for stakeholders to navigate the
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differences between the data and their own expertise (Ozga, 2016) so how are they supposed
to engage with more complex forms of data and machine learning?

Research over the last few years has focused on the need to make the decision-making
processes assigned to Al algorithms more accountable, particularly within the Communication
Studies community. Two positions can be delineated. In the first, Sandvig et al. (2016) argue
that there is “new knowledge to be gained by considering the operation of algorithms writ
small—the technical details of the innards of particular computer code” (p. 4974). They
advocate for establishing multidisciplinary teams to develop our understanding of how Al
algorithms make decisions, subjecting the underlying processes to ethical analysis. This is
important, they say, because “we increasingly delegate authority to algorithms, and they are
fast becoming obscure but important elements of social structure” (p. 4972).

3.3.1 Algorithmic transparency is not enough

An alternative position is put forward by Ananny & Crawford (2016), who discuss the
inadequacies of algorithmic transparency. Instead, drawing on research in experiential and
constructionist learning, specifically the work of Resnick et al. (2000), they argue that learning
about any complex system requires more than “being able to look inside systems or take them
apart” (p.9). Instead, we need to be able to interact with systems in order to “understand how
they behave in relation to their environments” (p.9). In line with Science and Technology
Studies (STS) researchers, and what is already known about the privilege of experts and how
social power is reconstituted through technical processes (outlined above), they advocate
moving away from framing instances of Al in purely technological terms. This is not a new
call. Our previous research has addressed it in the context of health care training [removed for
blind revien]. In the context of Education, Ball has long discussed the problems of prescriptive
systems of accountability: “The question that is avoided in the heat and noise of performance
management is whether these indicators actually ‘stand for’ and thus ‘represent’ valid,
worthwhile or meaningful outputs” (Ball, 2017: 163).

Returning to the focus on the specifics of Al, Ananny and Crawford seek to overcome
inadequacies of only focusing on algorithmic transparency by discussing the need to consider
the wider complex system involving multiple actors, people environments, technologies etc.,
or what is termed an assemblage in Actor-Network Theory (for details on ANT, see: Callon,
Law & Rip, 1986; Latour, 1987). They emphasise that “making one part of an algorithmic
system visible—such as the algorithm, or even the underlying data—is not the same as holding
the assemblage accountable” (Ananny & Crawford, 2016 p. 12).

The technical community have also been making strides to understand social issues. For
example, there is an ACM Conference on Fairness, Accountability, and Transparency (ACM
FAT*) and an open access book in development on ‘Fairness and Machine Learning:
Limitations and Opportunities’ was published at the time of writing (Barocas, Hardt &
Narayanan, 2019). To illustrate the nature of this work, one tutorial given by Google Al at
FAT* 2019 focused on: “the quantitative definitions of fairness that arose in education and
hiring in the wake of the U.S. Civil Rights Act of 1964, including considerations of the social,
political and legal motivations behind them. We translate this quantitative research into
modern day ML notation” (Hutchinson and Mitchell, 2019:np). While from a social science
perspective there remains much work to do, it is nevertheless a positive development that
computer scientists are engaging with these issues and, just as social scientists need support
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from the AI community to learn about computer science, computer scientists should be
supported in developing their understandings of STS. In support of this goal, STS researchers
have been inputting to the FAT* research agenda by pushing strongly for the social to be
considered alongside the technical (e.g. Selbst et al., 2019) within this emerging field.

In summary, making the technical details of the computer code underlying Al algorithms
available is laudable. As Burrell (2016) notes, algorithms need to be less obscure. Yet this is
not sufficient. In many current cases, algorithms do not have a fixed observable state (although
this may change with new research findings), and so information visualisations or other
meaningful instantiations of the process may be difficult to produce. Moreover, making
resources open source can (paradoxically) create greater inequality: as more and more
resources are made freely available, those with existing access tend to benefit most. Those who
did not have any access to begin with remain excluded unless additional steps are put in place
to help them.

Reflecting on the suggestion of “holding the assemblage accountable” (Ananny and Crawford,
2016:12), may well be a preferable approach, but achieving it in practice is complicated.
Seeking to make systems accountable through understanding the roles of multiple actors in an
actor-network is beset with theoretical and methodological challenges. Conceptually, the
tradition in ANT is that actants (i.e. things, people, objects, etc.) are not usually examined
when they work and are understood as ‘black boxes’. They are opened up when they fail “to
see how they should have worked and what went wrong” (Oliver, 2011 p. 380).

Working with the technical community to make Al systems accountable in Education will be
a challenge. However, putting forward ways in which contextual and technical factors can be
understood and accounted for is worth pursuing if we are to determine how specific forms of
digital structural violence originate and are maintained.

4. Conclusion

As noted by Farmer (2004, p. 315), “Structural violence takes on new forms in every era”.
What we do not what to see happen is Al embedded in the unseen structures of learning
technologies to become a key component of a wider system of exclusion. It cannot be a
mechanism of structural violence but as we have discussed, based on current projections,
digital structural violence may well be an outcome of future learning systems. In highlighting
this as an issue, what we have discussed is not really a grand conceptualisation, rather we have
focused on introducing the concept and discussing how it may be addressed through future
work in education and technology.

At present, much of the debates around Al and inequality are taking place outside the field of
Education, and this is highly problematic given the emancipatory role that Education can play,
and the multiple ways that Al is, and will be a feature of both informal and formal learning,
across the life course. Where many commentators only focus on one of three proposed areas
of focus: including marginalised learners in design, developing critical understanding through
production, and working with the computer science and wider community to make these
systems more accountable, we argue that all three of these strands of work need to be
meaningfully connected together as part of an interdisciplinary research agenda.
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In making this case, we are well aware of the challenges. Much has been written about the
challenges of participatory design (Heeks, 1999; Bossen, 2006; Hirom et al., 2017) and there
are questions about the extent to which educational stakeholders would realistically engage.
For hard-pressed teachers, it is unrealistic to require them to develop in-depth algorithmic
understanding; given the complex array of pressures they experience (Larke, 2019), yet finding
ways to ‘open up’ algorithms to at least some level of inspection could be an important part
of developing understandings in the ways discussed in section 3.2. Similatly, for young people,
providing information on the data collected about their learning practices over time and
detailing how this is used could be a useful starting point. This could go some way towards
addressing the on-going concerns of researchers regarding the negative impact of data
surveillance on learner agency (Selwyn, 2015). Perhaps of the three, the third strand (i.e.
making these systems more accountable) is the most challenging, but would be made more
possible if the first and second strand were also ongoing. Yet despite these challenges, we
believe an interdisciplinary endeavour of the kind outline here is essential.

Our motivation with this paper has been to provide a concrete starting point for a material
form of resistance to the reproduction of power structures. Through bringing together a
conceptual framing, methodological approach, learning tools and supports for
interdisciplinarity we can respond to the risk of a potential explosion of digital structural
violence in future learning systems against the marginalised in the coming years.
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