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Introduction
Over the last two decades, education and education research have experienced an increasing 
focus on the collection, analysis and production of data. Perhaps the most public phase of this 
trend has been the rise in popularity of massively open online courses (MOOCs). With an in-
creased interest in data—and especially big data—also came an increased interest from schol-
ars and policymakers in the technologies, methodologies and communities that could help 
institutions make sense of those data. Conferences such as Learning, Analytics and Knowledge, 
Artificial Intelligence in Education, Educational Data Mining and Learning At Scale rallied 
to investigate the MOOC phenomenon and produced a wide variety of research, some of it 

Abstract
Education and education research are experiencing increased digitization and 
datafication, partly thanks to the rise in popularity of massively open online courses 
(MOOCs). The infrastructures that collect, store and analyse the resulting big data have 
received critical scrutiny from sociological, epistemological, ethical and analytical 
perspectives. These critiques tend to highlight concerns and/or warnings about the lack 
of the infrastructures’ and builders’ understanding of various nontechnical aspects of 
big data research (eg seeing data as neutral rather than as products of social processes). 
These critiques have primarily come from outside of the builder community, rendering 
the conversation largely one-sided and devoid of the voices of the builders themselves. 
The purpose of this paper is to re-balance the conversation by reporting the results of 
interviews with 11 data infrastructure builders in higher education institutions. The 
interviews reveal that builders engage deeply with the issues the critiques outline, not 
only thinking about them, but also developing practices to address them. The paper 
focuses the findings on three themes: designing a productive science, navigating 
ubiquitous ethics and achieving real human impact. Researchers, policymakers and 
infrastructure builders can use these accounts to better understand the building 
process and experience.
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intersectional between computer science and education (Lund, Chen, & Grauwin, 2018). The 
wider datafication and digitization of education fundamentally relies on cyber-infrastructure, a 
set of technologies and services supported by people that work together to store, transport and 
analyse the data (Edwards, Jackson, Bowker, & Knobel, 2007). While researchers have built an 
array of technologies to support the use of big data for learning purposes (Dernoncourt et al., 
2013; Koedinger et al., 2010), first-hand accounts of the experience of building infrastructure 
for this kind of research are largely missing from the literature. The purpose of this paper is to 
contribute these accounts.

We begin by briefly explaining some of  the trends that make contributing these accounts not only 
worthwhile but also necessary. We then outline the qualitative research methods used to capture 
and analyse the first-hand accounts. Next, we organize the findings around three interpretive 
stories before showing a consolidated framework for making sense of  the accounts. Finally, we 
end with a conclusion and suggestions for future work.

Practitioner Notes

What is already known about this topic

• Education and education research are increasingly relying on big data and digital 
interfaces to study, facilitate and govern learning.

• Datafication and digitization require building large-scale infrastructures inside 
higher education institutions that collect, store and analyse big data.

• Such infrastructures as well as the data-handling practices and algorithms they in-
spire have come under critical scrutiny for reinforcing socio-economic biases and for 
promoting a narrow set of learning theories.

What this paper adds

• First-hand accounts of the scholars who are building data infrastructures inside 
higher education institutions. These accounts offer rich and complex narratives that 
do not exist in the current literature.

• The first-hand accounts show that builders navigate technical design decisions, in-
stitutional stakeholder needs and ethical research trade-offs, with the ultimate in-
tention to empower learners to learn on their own and not through dependence on 
technology.

• The first-hand accounts show that builders are aware of and engage with the episte-
mological, methodological and ethical aspects of infrastructures, which critics warn 
about or call out as currently lacking consideration.

Implications for practice and/or policy

• Policymakers can use the specific experiences within these accounts to bet-
ter focus their regulatory and policymaking efforts in order to support future 
infrastructure-building.

• Learning researchers can use the trade-offs within these accounts to lay the ground-
work for operationalizing and formalizing learning beyond behavioural and cogni-
tive theories.

• Infrastructure builders can use these accounts to make sense of their particular ex-
periences and approach them with greater ease and awareness, knowing how others 
have navigated similar experiences.
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Motivation
Why focus on learning infrastructure builders in higher education academic institutions? Many 
data infrastructures and adaptive learning systems (including some of the most prominent for-
profit companies) originate from higher education institutions (Johanes & Lagerstrom 2017). 
Significant expertise and experience reside within higher education institutions around how 
to build and deploy data infrastructures. Higher education institutions are a major training, 
research and application site for infrastructure-building. Additionally, these technologies are 
specifically designed to scale to collect as much data as possible and from as many people as pos-
sible. To put this into perspective, in 2017, the top five MOOC providers reported over 60 million 
registered users (Dhawal, 2018). Finally, because these infrastructures and their analytics are 
artefacts created by humans, we can consider them as reifying specific theoretical and meta-the-
oretical commitments as well as specific conjectures about learning (Knight & Buckingham 
Shum, 2017). These commitments and conjectures exist within technology whether or not the 
designers are 100% aware of them. For instance, an interface using worked examples as a way to 
promote learning has conjectures about learning being effective with worked examples and that 
successful engagement with worked examples can transfer into successful applications in other 
contexts. Similarly, data infrastructures reify our technical, political, social and philosophical 
tendencies (Gitelman, 2013; Williamson, 2017). In sum, these big data learning infrastructures 
are some of the most widely used educational resources and we can study their philosophical un-
derpinnings through the infrastructures’ code, data structures and algorithms. However, how 
and the extent to which builders transfer their intentions into the data infrastructure in the field 
of education is not well known.

Hence, it is particularly important to contribute the first-hand accounts now. First, because some 
of  the infrastructures are just mature enough that it makes sense to analyse how they came to 
be. The builders have enough of  a journey to reflect on and there are enough distinct journeys 
that the present interview study is possible today. Second, because we are now seeing critiques 
of  big data methods generally and in education specifically from inside and outside the learning 
analytics community. From inside the community, critics tend to take the current state of  built 
infrastructures as representing the initial cycle of  builders’ activity, and attempt to make sense of  
existing design activity to catalyse further design variety. From outside the community, critics tend 
to take the current state of  built infrastructures as accurate proxies of  the builders’ intentions. 
They then attempt to correct the extrapolated future they fear if  these intentions and designs 
were to be continued. Although they draw on different literatures, the critics tend to use similar 
language of  concerns and issues to frame the present and future of  the field. Both sets of  critics 
are, ultimately, after the same endgoal of  ensuring that these infrastructures: (1) provide data 
that catalyse relevant and novel scientific discovery, (2) protect learners and researchers legally 
and ethically and (3) power-positive impact on human and/or institutional development (directly 
through instructional design or indirectly through learning science). In short, both camps want 
to stave off  apocalyptic scenarios, namely of  algorithmizing social, economic and political biases 
(O’Neil, 2016; Wise & Cui, 2018), succumbing to the seduction of  data at the expense of  theory, 
interpretability and governance (Williamson, 2017; Wise & Schaffer, 2015), and forgetting about 
the human, context-sensitive and noncognitive aspects of  learning (Prinsloo & Slade, 2013; Wise 
& Cui, 2018).

Despite field-building efforts, the specific situations, decisions and trade-offs that builders navi-
gate, and their intentions are incredibly understudied. First-hand accounts of  specific moments 
in the context of  the wider journeys can elucidate two important aspects. First, they can illu-
minate the extent to which the designs reflect the builders’ intentions (and, therefore, to what 
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extent the outside critics’ analyses accurately capture the interplay between individual intention 
and institutional context). Second, they can inform what significant trade-offs and decisions the 
builders navigate (and, therefore, to what extent the decisions can productively inform and be 
informed by the inside critics’ frameworks). The first-hand accounts can provide points of  refer-
ence with which to assess and ground narratives and supplement the analyses from both camps.

The findings in this paper illuminate an understudied area from critical analyses by those inside 
and outside the learning analytics community: the specific situations that infrastructure builders 
navigate throughout the building process, and how they navigate those situations, especially with 
respect to trade-offs (eg, deciding between intention and feasibility or scientific opportunity and 
data privacy). By revealing how builders navigate these decisions, we can also find where exist-
ing technology and theory do not set up builders for successfully manifesting their intentions. 
Therefore, these situation-/decision-based accounts are meant to supplement existing critiques 
and frameworks with first-hand stories to use as reference points for accuracy and applicability. 
Within the context of  this Special Issue, our findings illuminate primarily (1) the practices build-
ers use to navigate major situations/decisions, (2) the trade-offs those practices/decisions result 
in and (3) the intentions informing those practices.

Methodology
To capture the accounts of these infrastructure builders, we chose to conduct semi-structured 
interviews that lasted between 90 and 130 minutes. Interview scripts were designed to collect 
specific ideas about the builders’ perceptions of their personal journey, the infrastructures’ effects 
on people and the infrastructures’ effects on research as well as to identify the considerations, 
information, resources and expertise which are involved in making infrastructure-building de-
cisions (see Figure 1). The interviewer was open to following interactive prompts, enabling the 
emergence of hypotheses in situ (Spindler & Spindler 1987). An interview script with interactive 
prompts was piloted with three infrastructure builders (two technical leaders, one nontechni-
cal supporter) before being extended to 11 infrastructure builders, representing 4 continents, 
9 different infrastructures and 8 different institutions. Three sampling frames were identified 

Figure 1: Depiction of two sample questions for the six interview themes
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following analysis of ethnographic components of the research: geographic diversity; institutional 
diversity; and builder role diversity. Snowball sampling (Taylor, Bogdan, & DeVault, 2016) using 
a purposive sampling frame with multiple entry points was used to identify respondents across 
multiple institutions, geographies, kinds of data and building roles (Table 1) to ensure thematic 
saturation. Most of the teams we encountered were male-dominated as was their leadership, and 
so only one interviewee in this sample is female. Interviews were transcribed by a contractor and 
identifying details were anonymized before analysis. Data synthesis entailed refining themes 
and identifying codes via axial coding (Saldaña, 2015). Connections were made across coded 
categories using both inductive and deductive approaches using the Dedoose software (Dedoose, 
2018) for synthesizing codes and identifying key findings and themes via short memos. When 
synthesizing the main themes and findings, content triangulation across interviewees was crit-
ical, and when we report findings in this paper, we make a best effort to show the same theme 
through the words of multiple interviewees (see Figure 2). At the same time, we present alter-
native/counter-balancing evidence, when relevant, to overarching themes (Taylor et al., 2016). 
For instance, in Theme #1, we present one interviewee’s perspective on data as a positive asset 
for the higher education institution and we also present another interviewee’s perspective on 
data as a potential liability for institutions. Our analytical goal was not to describe a person in a 
photorealistic way, but rather to describe how that person constructs and interprets a world he/
she inhabits, navigates and acts in.

Figure 2: Three-layer framework depicting the main situations educational data infrastructure builders navigate. 
Blue numbers correspond to interviews that feature each situation prominently. Red numbers correspond to which 
situations are present in this publication or in the wider corpus
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Table 1 summarizes the main characteristics of  the interviewees and the infrastructures they are 
building. In the column Building Endeavour, Data refers to infrastructures primarily used for han-
dling data (but not necessarily facilitating learning) and Learning refers to infrastructures primar-
ily used for facilitating learning (but not necessarily being the centres of  data-handling activity). 
Residential, MOOC and Online differentiate infrastructures intended for on-campus/in-person ex-
periences, MOOCs experiences or online (but not necessarily massively open course-like) experi-
ences. In the column Role, the labels differentiate between leaders (people who others look to for 
decisions, funding and/or overall vision) and supporters (people who others look to for execution, 
research and/or organizational assistance). Additional terms specify a builder’s contribution from a 
computer science/data/interface design (Technical), education/learning science/cognitive science 
(Learning), or a sociological/historical/other (Non-Technical) perspective. As much as possible, we 
used the interviewees’ own words (eg, the supporter role for Interviewee 10) to define these terms.

Findings
In line with the motivation of this Special Issue, the goal is to understand the inner worlds and 
practices of the infrastructure builders beyond existing narratives that focus on the technical 
and institutional dimensions. To do so effectively, we present our findings organized around 
three themes with accompanying commentary. To stay as true to the voices of our interviewees, 
we keep their quotations as verbatim as possible, however, we do take out filler words (eg, “um” 
and “you know”) and repetitions and stutters for ease of reading. These are not the only themes 
we found in our data; we chose to highlight these three themes specifically to align with the 
focus for this Special Issue. For instance, not represented in this paper is the sense of sunk cost 
(eg, spending 3 years to build something that might never scale) and career progression sacrifice 
(eg, foregoing academic/research opportunities to build) that some builders expressed. One of 
the major findings from the wider research enterprise is the emergence of three layers of situa-
tions and decisions (technical, institutional and ethical) that infrastructure builders navigate. 
The three layers (technical, institutional, ethical) emerged from one builder’s in-interview reflec-
tions (Interview 1, 2019), prior literature (Williamson, 2017), and iterative coding. Subsequent 
publications will cover in greater detail additional themes, stakeholder relationship maps and 
infrastructure builder education opportunities.

Table 1: Anonymized list of the interview participants, their institutional affiliations, building endeavour types 
and roles

Interview Institution Building Endeavour Role

1 Large private US elite university MOOC & residential 
data

Non-technical leader

2 Large private US university MOOC & residential 
learning

Technical & learning leader

3 Large public Australian university Residential data Technical leader
4 Large public Australian university Residential learning Technical & learning leader
5 Large private US elite university MOOC data Technical leader
6 Large public Australian university Residential data Technical & learning leader
7 Large public Korean university MOOC learning Technical leader
8 Large private US elite university MOOC & residential 

data
Technical leader

9 Large private US elite university Residential data Technical leader
10 Large online European university MOOC & online 

learning
Non-technical/learning 

supporter
11 Large private US university Residential data Technical & learning leader
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While every interviewee emphasized different dimensions of  the building experience, it was rare, 
across the sample, to encounter dimensions of  one person’s experience that were not shared by 
anyone else. For instance, Interviewee 1, a Learning leader, emphasized navigating the political/
institutional forces informing the building process (as did Technical leaders, such as Interviewee 
3) and also navigating data structure and ownership decisions (as did Technical leaders, such as 
Interviewee 9). Across this sample, we found that building infrastructures brought previously iso-
lated people together to learn from each other and/or brought technical experts into leadership 
positions with nontechnical and policy-making responsibilities. In short, while every interviewee 
emphasized different pieces, enough overlap across their areas crafted a stable mosaic. To demon-
strate this, we include coding counts for key evidence. As is common in qualitative research, not 
all coded quotes are equal—quotes vary in length and prominence. Therefore, we take the coding 
count as informing but not defining a code’s validity.

Theme #1: Designing a productive science
As one interviewee elatedly put it, with all of these new infrastructures and data, “it’s a time of 
great scientific opportunity.” (Interview 1, 2019) A critical dimension of the scientific oppor-
tunity is that the data enable scholarly research into the services and experiences that higher 
education institutions provide (coding count: 26). The quote below showcases how learning re-
search and teaching practice can intersect:

I think pretty much universally it [the data set] shows that we are discriminating against black and ethnic 
minority students… and until you’ve collected that data and found that out, you don’t know what the uni-
versity’s [faculty/instructors] have got a problem they’ve got to solve. Something’s going wrong with our 
teaching and our admission policies… one of our researchers spent, I think, ten years trying to work out 
why it was that students with black backgrounds, from black and sort of Africa, Caribbean backgrounds 
weren’t succeeding as well as students from white backgrounds. That is still a problem. We still don’t quite 
know what the university’s doing wrong. (Interview 10, 2019)

The interviewee made clear two aspects about the ethnicity-based achievement gap finding. 
First, that the achievement gap was seen by the entire team as a failing of the institution rather 
than as a failing of the students. As the quote explains, something is wrong with the university’s 
teaching, not with how the students are learning (or where they are from). Second, that address-
ing this achievement gap was an opportunity to improve the university’s teaching, and so the 
team prioritized researching possible causes of the gap. While this quote mentions only the main 
researcher, elsewhere, the interviewee specifies that multiple teams, not just the one researcher, 
investigated this particular finding. Overall, this quote shows that data can reveal problems with 
existing institutional teaching practices and admission policies that the institution could not 
improve without that data-enabled revelation.

The revelatory potential that the data embody is not automatically embraced within the institu-
tional setting. An interviewee shared, when crafting policies around data collection, “[the] vice 
provost’s view of  this data being an institutional asset as opposed to an institutional liability.” 
(Interview 11, 2019) This “data-as-asset-not-liability” view mirrors the usefulness of  the data 
for improving the institution’s teaching as in the previous quote. Another interviewee frames the 
liability through anxiety (coding count: 4):

there’s also an anxiety that the people that are doing the science will find out things about the institution 
that the institution would either rather not know about itself or would rather not have other people know 
about it. (Interview 1, 2019)

Here, a different image emerges: rather than proactively looking to find areas for improvement, 
the institution is selective about what it does and does not want researchers to look for. After all, 
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if an institution knows that it is creating and/or perpetuating a problematic practice, then the 
institution might need to disclose and deal with it. The builders are aware that their work with 
the institution’s data can simultaneously further the institution’s teaching and scholarly mis-
sion and foment the institution’s self-image and self-knowledge anxiety. Ultimately, the builders 
are looking for data that are actionable and useful (coding count: 21).

With this backdrop, how exactly do data infrastructure builders seize the scientific opportunity? 
Builders do not believe that the data inherently dictate the kind of  science that can be done with 
them. Jurisdiction becomes key (coding count: 8). One interviewee summarises the main ques-
tions he and his team considered:

for that very messy period of time [early MOOC days], which is still continuing, there’s been this kind of… a 
jurisdictional uncertainty. Like what kind of data are these? What do you do with them? What are the ori-
enting problems for the day? Like, what kind of science is this science going to be? We have new keystroke 
level data, but just having those data does not tell one what kind of science that should be. (Interview 1, 
2019)

These questions touch on the methodological (what analyses the data are amenable to), epistemo-
logical (what contributions to aim for with the data) and institutional (what questions to ask of 
the data) aspects of the data. As the interviewee expounds, the intention is not just an effort to 
publish a single empirical or theoretical contribution, but to construct a science (coding count: 
20). This interviewee’s team spent a full year asking and responding to these questions before the 
team decided to which scholarly literature to contribute to sustainably. The jump from data to 
scientific insight is far from automatic, and it often requires data interpretability (coding count: 
19).

When discussing the emerging science enabled by data infrastructures, multiple interviewees 
pointed to reproducibility (coding count: 8) as a core research issue. As one interviewee put it: 
“If  they [researchers reading scholarly work] have the technique that the scientists… executed, 
or thought they executed and wrote about, isn’t reproducible, there really isn’t a result, right? 
(laughs) That’s why it’s important.” (Interview 2, 2019) The sentiment here is that scientific find-
ings need to be reproducible in order to be fully trusted, in alignment with the general scientific 
method for investigating phenomena in a manner that others can verify. And, yet, “there is no 
data sharing or minimal data sharing in part because of  the sensitivity of  the data and there 
is limited sharing of  scripts and analysis scripts as well.” (Interview 11, 2019) The sensitivity 
the interviewee is alluding to is primarily legal (eg, universities’ need to protect student identi-
ties). Across multiple interviews, three mechanisms emerged as possible candidates for increasing 
reproducibility and analytical transparency (each mentioned in different interviews): (1) pre-reg-
istering analyses online via the Open Science Framework (OSF); (2) using a secure service that 
allows researchers to share the analytical scripts without the underlying data (so that the data 
never leave institutional jurisdiction); and (3) uploading data to an established data and analytical 
workflow repository (eg, DataShop: Koedinger et al., 2010; MoocViz: Dernoncourt et al., 2013).

The builders demonstrate a desire to venture beyond publishing papers and producing data 
points—they want to produce a science that is equal parts productive (ie, relevant to practice, 
aligned with institutional priorities) and responsible (ie, disciplined and reproducible).

Theme #2: Navigating ubiquitous ethics
None of the questions in the interview protocol directly asked about ethics or ethical issues, yet 
all but one of the builders brought up ethics explicitly (coding count: 14) because, as one inter-
viewee expressed: “every manmade thing that exists has ethics around it.” (Interview 6, 2019) 
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The builders’ ethical views surfaced through three topics: data collection; predictive modelling; 
and technology design.

The ethics around data collection focus on the nature of  the data and on the collection process. 
The quote below specifically addresses that a dataset is not a neutral (ie, bias-free, human-unim-
printed) object in the world:

I think, more recently, there has been much more of an understanding of how data sets can encode exist-
ing biases, and that if you just take a data set as a neutral thing, then you’re making a big mistake. You’re 
not understanding the nature of how data are collected, and what data are collected, and why data are 
collected. (Interview 10, 2019)

The ideas from the quote above resonate in another quote, which frames data collection in the 
context of the recent backlash over Facebook’s studies on its own users:

just pragmatically if I want to be able to run studies, I have to have them not seen as like sort of evil 
Facebook studies, but social good studies that are changing the world. (Interview 11, 2019)

Both quotes frame data-handling infrastructures as platforms for perpetuating existing social 
structures (be they around biases or perceived social good) or bringing forth a new precedent. 
Seeing these studies as promoting social good is important because MOOCs offer a new exper-
imental population that exists outside of the university’s regulations that protect paying and 
residential students. This is because MOOC users are classified as learners rather than students 
(coding count: 5):

Now, everybody’s got their different kind of moral compass when it comes to this [learner classifica-
tion]. I believe that if we’re not experimenting [on] them, we’re stagnating and we should constantly be 
experimenting.
…

That doesn’t mean that we just give random people a poison to see if they die. But I think the MOOCs formed 
a whole new genre of experimental education research. (Interview 11, 2019)

Experimenting, and not just collecting data from people’s usage, is framed as necessary to stave 
off scientific stagnation, yet the interviewee states that there is not consensus about whether 
or how to conduct the experiments. The ‘moral compass’ that is core to designing these experi-
ments appears to be personal, so everyone gets to decide their own ethical comfort level.

Data collection at scale can result in statistical models that enable predictive modelling, which 
uses historical data (eg, attendance, resource use, engagement) to predict future outcomes (eg, 
dropout, quiz scores, course grades). As one interviewee explains:

doing research with these [MOOC and more granular] data was both really important because of so many 
needs for educational improvement in higher education, but also ethically risky because of the risks inher-
ent in doing predictive analytics, because where does prediction blur into prescription, right? (Interview 
1, 2019)

The blending of prescription of future outcomes based on prediction from historical trends be-
comes the crux of the ethical dilemma. One interviewee takes the logic to its eventual endpoint: 
“if we know the student’s gonna fail, is it ethical that we accept him in the first place?” (Interview 
3, 2019) Historical data can serve as a barrier to future opportunity. Predicting if a student is 
going to fail a course exists in a different—higher stakes—category than predicting if a website 
ranking is accurate for a Google search result. (Interview 3, 2019) To summarize: prediction is an 
ethically high-risk and scientifically high-reward activity that the builders apply with great care.
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This brings us into the realm of  technology design ethics. Builders developed practices to think 
about the power these infrastructures have and the power they bestow. For example:

it [the big data technology] changes how they [learners] can even perceive social structures in their 
courses, how they can perceive order, organization, hierarchy, power differentials… We can literally give 
people voice or take it away from them in discussions, in power relationships, and I think that’s pretty 
significant.
…
When I design a tool, I think about those tools as if they’re going to be used by 20,000 people or 10,000 
people. I want to think about them being used by a lot of different people… So if we introduce this feature, 
who are the three users that will be hurt by it? (Interview 11, 2019)

Here, the builder is describing the standard practice in his research group of envisioning the pos-
sible negative effects of a new design. Another interviewee describes encouraging his research 
and design group to routinely engage in open conversations about the negative effects of technol-
ogies (coding count: 14) so as to normalize that conversation. This is actually the interviewee’s 
wider mission:

maybe a good start is to change how peer reviews work, in that we should openly request authors to dis-
cuss such a negative impact in their papers… I think we should have [an] academic culture in which more 
and more of this open discussion about the negative impact of computing should occur. And, as a computer 
scientist, we always talk about the fancy side of computing. (Interview 7, 2019)

For these builders, the goal is not to hide or shy away from the negative effects of computing. If 
anything, the goal is to embrace it as much as the “fancy” side and discuss it openly.

Theme #3: Achieving real human impact
Showing that the builders care about ethics does not explain why they do. This is where the last 
theme comes in: the desire for real human impact (coding count: 31). By real, we mean visible, 
feel-able and aimed at changing the way people learn. Based on existing scholarly as well as sci-
ence fiction narratives around big data, one might assume that these builders’ dream vision of 
how people will learn includes the technologies being ever-present, ever-collecting and ever-pre-
dicting. This is not the vision these builders hold:

all of your schooling, it’s like 20 years of school… You’re learning, but you’re never taught how you should 
learn. (Interview 3, 2019)

if we’re all doing learning science at some level because we’re learning engineering for ourselves as good 
self-regulated learners, that’s the kind of [my] grand vision. So we’re doing learning science. Not applying 
learning science. (Interview 2, 2019)

Neither vision is about rendering humans dependent on machines. The common vision has ev-
eryone being their own learning engineer, knowing how to learn and experimenting with how 
to learn. This is as personalized as learning can be, not because the builders believe in machines 
with infinite data from other humans in the past, but because the builders believe in humans 
with intimate awareness of themselves in the present.

This vision manifests in two significant ways: maintaining a human connection with learners 
and recognizing the limitations of  technology to achieve that vision. One builder notes how easy 
it is for researchers “to get lost in the data, [that] they lose sight of  the [individual] human… [they] 
lose trees for the forest” (Interview 6, 2019). Another builder shares how defining engagement 
as watching X number of  videos, finishing Y exercises and writing Z forum posts every week, 
some students will be classified as dis-engaging. This does not need to be automatically negative 
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because “maybe [the] student is not engaging in this course, but he is [engaging] in the other one 
[the course that he cares more about]” (Interview 3, 2019). Learning does not look the same in 
all situations for all people, and these builders design for that diversity as much as they can.

The key phrase in the last sentence is “as much as they can,” because builders are not always able 
to translate their vision of  learning into learning analytics. The following three quotes capture 
this sentiment. The first shows how builders resort to behavioural measures they might not sub-
scribe to at a theoretical level based on existing learning theory (coding count: 18):

And, I know it’s not perfect, but this is the best I can do… I cannot ever build an analytic platform that takes 
into account that students are just sitting in the dark and thinking… I only see it as clicks, and users, and 
maybe eye movement… something observable. So, I’m not saying I’m a behaviorist in general, but I have to 
be when I’m developing stuff. (Interview 3, 2019)

The second shows that any digital data collection system might be able to capture only a small 
portion of the intended learning (coding count: 15):

any operating system catches 5 [or] 10% of proxies that reflects or may not reflect learning… because 
learning is [this] super complex thing. (Interview 6, 2019)

The third shows that no technology can tell us that learning is occurring—and that humans 
might not be able to tell us either:

Um, (sighs). I don’t think (sighs) any technology, at this stage, can tell you definitely that somebody is 
learning, or that somebody is not learning. I can’t think of a technology that would tell you that.
…
Um, (sighs). You can look at a technology that tells you which neurons are firing [in] the brain, but that 
doesn’t necessarily tell you that they’re learning. You can tell that people are going through the actions 
which are associated with learning, but that doesn’t necessarily tell you they’re learning.
…
Um, (sighs). So, yeah, I would say there is no form of learning that 100% of technology is going to pick up. 
I think the technology at this stage is only going to reinforce, or help, or complement what a human is 
doing. That said, I think it’s very difficult for a human to tell if another human is learning. And you can’t 
necessarily guarantee that either. (Interview 10, 2019)

Combined, these quotes show the disparity between what builders believe learning is (a complex 
phenomenon) and what they believe technology can capture (crude proxies) (coding count: 18). 
These builders are doing their best even though they know it is misaligned with their beliefs 
about learning. The sighs in the third quote punctuate the reality the builders live in.

The builders also care about recognizing humans as being human. One interviewee highlights 
that technology needs to be not just “human focused, it has to be humane, it has to be about 
the person… to be human first.” (Interview 6, 2019) To illustrate, the interviewee discusses the 
unintended effect of  a system (coding count: 8) that recommends to teachers which students 
they should email with a personalized message based on usage behaviours that have historically 
led to students dropping out.

Just last year when we heard a story from a colleague… they had a student who was who was nearing sui-
cide and the student felt really lost and didn’t know what they were doing. But then, because they receive 
all of these personalized reach outs from the teachers, this turned their whole academic journey around. 
They reached [out] back to the teacher. They were able to connect and basically was using the studies and 
other things. And you’ll get me emotionally, just to think that software that we built saves one life. No, 
that’s amazing. So emotional for me. That really keeps me going. (Interview 6, 2019)
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The builders we interviewed do not want to use interfaces as barriers to connection, but as facil-
itators of connection They care deeply and are motivated by changes in people’s lives that they 
can see, especially as those changes empower people to learn for themselves.

Discussion

Below, we synthesize the three themes into a single statement of how builders perceive their role 
and activity:

There are no guarantees in building infrastructure: it could take years to collect data only to find 
that the data do not allow them to draw the conclusions they wanted due to encoding issues/
biases; it could take years to build the technologies to then turn the data into something of scien-
tific value; and the end-result will most likely be a system for capturing/facilitating learning that 
is far removed from what the builder ultimately believes learning to be. This is why we choose 
the word “belief” to describe what fuels the endeavour.

This analysis shows to what extent and through which decisions (1) builders perceive their inten-
tions becoming embedded in the infrastructure design and (2) builders perceive their actions map-
ping onto critics’ concerns/observations. We are not aware of  intimate, first-hand accounts of  
the building experience of  educational data infrastructures. This does not mean that the builders 
do not publish scholarly work. They do. But we have not seen in those papers stories of  prevented 
suicides (as in Theme #3), practices for vigilance around the negative effects of  computing (as in 
Theme #2) and/or practical tips for navigating institutional anxieties (as in Theme #1). By high-
lighting builders’ perspectives on some of  the decisions they face, the first-hand accounts supple-
ment existing critiques and analyses, including: how to navigate the revelation of  discriminatory 
practices (Theme #1), the need for experimentation on a semi-regulated population (Theme #2) 
and the emotional reality of  not being set up to successfully execute one’s vision (Theme #3). 
Given the empathy and inclusivity of  vision the builders presented in these interviews, we wonder 
if  journals and conferences can re-structure paper submissions or provide in-person safe spaces 
to openly surface these topics.

At the same time, the builders highlighted thoughts and trends seen elsewhere, including want-
ing to collect as much data as possible (Williamson, 2017), a focus on computational approaches 
at times over theory-building (Wise & Cui, 2018), and celebrating big data as bringing better sci-
ence, better education and rapid innovation (Crawford, 2014). We did not, however, find a uniform 
zeal for data collection at all costs, predictive analytics as an automatic service, and algorithmic 

Builders see themselves as caring about learners being seen and empowered as human 
beings

and at the same time

as being aware of the limitations of the technologies they are building to be able to do 
that

and yet

they keep building because they believe in the opportunity

for

better science and service at scale.
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processing over human insight, major concerns about the future of  big data science (Williamson, 
2016, 2017) and educational data science (Wise & Cui, 2018). We found an awareness in line 
with these concerns. Of  course, being aware does not make an achievement gap disappear, but 
the awareness is an indication that the builders see the ethical/philosophical stances as stepping 
stones towards an improved way of  learning. Kitto & Knight (2019) provide practical frameworks 
for ethical decision making to translate this awareness into action. Multiple interviews show-
cased how the intentions of  the builders mould themselves to those of  the institutional force field 
they work within. We choose the phrase “force field” because it invokes the multiple pushes and 
pulls acting on an infrastructure builder at any given moment. Williamson (2019) shows how 
the politicization and commercialization of  digital learning analytics platforms informs this force 
field, and how learner data (independently the intention with which they might have been col-
lected) are re-purposed in the wider marketplace. Existing policy might be pulling the infrastruc-
ture in one direction and institutional anxiety might be pushing the infrastructure in another. 
This is in line with others’ perception of  data as a result of  social, and not just technological, 
processes (Gitelman, 2013). In line with past critiques, we confirm that infrastructures make pos-
sible or constrain the design of  learning experiences (Theme #3). The way learning is measured 
is made possible or constrained by the data that are collected and the analyses that are performed 
(Theme #2). How one defines the phenomenon of  learning informs the infrastructure one builds 
and the science one does (Theme #1). Building a data-handling infrastructure inside a higher 
education institution is by no means a simple task, and, while the builders greatly influence the 
process, they are not the sole producers of  the final infrastructure. As the quotes illustrate, while 
the builders definitely think about some of  these issues ahead of  time, they tend to approach them 
when they encounter them in the building process. This is why building and adopting learning 
analytics at an institutional level requires a more dynamic and fluid paradigm, perhaps more in 
line with complexity leadership (Tsai, Poquet, Gašević, Dawson, & Pardo, 2019).

Conclusion
By capturing the voices of the infrastructure builders in their own words, we can better un-
derstand their inner world, the stories in which they see themselves as characters. Critics of 
data infrastructures in education have successfully identified that infrastructure-building is 
a multilayered, multistakeholder and multiyear process. They have also identified what they 
consider to be alarming mindsets of the builders, characteristics of the technologies and gover-
nance of the process, framing their findings as concerns (Wise et al., 2018) and/or as deficiencies 
(Williamson, 2017). The builders see themselves as not only aware of, and actively engaging 
with, what the critics find concerning, but also constrained by the current state of computing 
technology and learning theory. On one hand, current technologies capture very little of human 
learning, which the builders acknowledge to be a highly complex, contextualized and human 
phenomenon. On the other hand, builders point out that current theories offer a path of least 
resistance for formalizing through computer code behavioural and cognitive models of learning. 
The builders see themselves as integrating incomplete models with imperfect instruments, and 
doing so with stakeholder awareness, scientific care and humane mindset. Particularly surpris-
ing, then, is that the intimate decisions, ethical dilemmas and personal struggles that show the 
builders’ engagement with these concerns have not found an outlet in existing publications.

With these first-hand accounts, we contribute the following findings to the literature:

• Builders’ perceptions of their experiences do contain situations that the critiques are con-
cerned about (validating the critiques and supplementing them with grounded narratives).

• Builders’ perceptions of their experiences also contain situations that the critiques do not 
cover (expanding the critiques and complementing them with new inputs for future critique).
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• Builders perceive themselves as infusing their intentions into infrastructures through de-
cisions along the way, and perhaps more consciously than previous critiques have depicted 
them to.

• Builders present themselves as motivated by the scientific and impact opportunity to craft a 
human-centred future.

• Builders perceive themselves to be limited by (1) technology capability to capture complexity 
of learning, (2) theory operationalizability into software/machine code and (3) translation of 
frameworks into local, context-sensitive, just-in-time decision-making assistance.

To expand upon the first-hand accounts presented here, multiple directions for future work pres-
ent themselves. First, capturing more accounts from outside the Western world to identify how 
cross-cultural differences influence infrastructure design. Second, supplementing the builder 
interviews with student/learner interviews to explore how students/learners interpret the in-
tentions and values of the builders through usage of the technology. As much as the critics of 
the infrastructures point out the biases that can be encoded into the infrastructures, little lit-
erature exists about the transference of those biases onto the learners. Both research directions 
are driven by the same fundamental premise that motivated our capturing these accounts in the 
first place: these infrastructures are agents for science and impact at an unprecedented scale. As 
a result, we see learning from the infrastructures’ builders as a critical lever on the success of 
future education and education research.

Statements on open data, ethics and conflict of interest
Additional excerpts of the interview transcripts can be obtained by e-mailing the corresponding 
author.

The participants in this study were protected by anonymizing their personally identifiable 
information.
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