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Educational data journeys: Where are we going, what are we taking and
making for Al?

Abstract
Educational systems generate huge quantities of digital data. Digital
educational data is captured and used at all points -- from classrooms and
schools, to the level of educational departments. As growing trends in
‘data-driven instruction’ suggest, all these data have great potential to
support student, teacher and leadership practices, help guide work and
learning decisions, and inform policy development. Moreover, an increasing
focus is being placed on the development of artificial intelligence to
automate and improve how data are used. Yet, stakeholder data practices
remain invisible and little understood, which complicates how artificial
intelligence can be embedded in this context. In this paper, we introduce an
educational data journeys framework to frame dynamics of data power,
data work, identities and literacies. This approach is employed to explore
educational policy reveal data flows and frictions in school improvement
and what this may imply for the development of artificial intelligence in
education.

Keywords: educational data; data journeys; educational policy;
infrastructure; data practices

1. Introduction

Internationally, contemporary school improvement and assessing teacher effectiveness are
increasingly ‘data-driven’ (Jerrim & Sims, 2021). This is in part fuelled by rapid changes in
and access to data-related technologies in schools, which includes Al-embedded tools.
Beliefs about the potential of educational data and its capacity to aid in reforming education
are often strongly positive and run parallel to increased expectations of positive outcomes for
the sector, for schools, and for individual students as a direct result of data use (e.g. Luckin
et al., 2016). However, in reality the actual use of data to evaluate and assess educational
practice at scale, to support development of artificial intelligence in education (AIED) for
these purposes, is complicated by limitations of data quality and infrastructure (e.g. Winne,
2017), lack of agreement/alignment regarding goals for schooling and notions of education
success amongst various actors in the system (e.g. Ball et al, 2012), as well as potentially
conflicting views and understanding of the purposes of data use e.g. performance,
improvement, understanding (e.g. Perrotta & Selwyn, 2020). As a result, there are at times
competing demands on schools by way of data-informed educational policy on the use of
data in decision making and improvement. Further, the degree to which educational data is
seen as relevant or connected to the work of students and teachers varies enormously
across the system (Wiseman, 2010).

The aim of this article is to explore expectations of, and implications arising from, the
complexity of educational data in school improvement agendas. This investigation hopes to
contribute to an understanding of where we are going with educational data use, what we are
taking with us and what is being made. To begin this work, we present a conceptual
framework of educational data journeys and the key dynamics shaping data production and
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use as part of sociotechnical infrastructure: educational policy and data power, educational
monitoring and data work, teacher and student identities, plus knowledge beliefs and data
literacies. Sociotechnical infrastructure refers to how humans and machines work together,
also known as sociotechnical systems (e.g. Passmore et al., 2019). To explore the role of
data in this context we draw on Bates et al. (2016) notion of 'data journeys' (p. 1), through a
case study of standardized test data used to enact educational policy, in a large school
department. The case study illustrates data flows and frictions in school improvement. We
consider transformations of the data as it is employed for various purposes in schools, by
leadership and teachers. Critical points in this journey where participatory work occurs, or
where it could occur, are explored. Critically, illustration of the data journey reveals a number
of questions about how data is expected to be used, by whom, and to what effect/impact.
Implications of these expectations are explored as data practices are scaled up and
automated are examined.

2. Introducing an educational data journeys framework

We propose that Bates (2016) and colleagues’ data journeys methodology offers a
novel way to explore the dynamics of educational data production, processing, and
distribution. The concept of data journeys is adapted for this study to unpack the
complexity of educational data. Originating with a study of UK-based weather data,
Bates, Lin & Goodale (2016) piloted the novel ‘data journeys’ methodology to surface
how data was produced and used across different sites of practice (state, science,
market, and civil society). Findings from their critical, qualitative methodology showed
the complex ‘life of data’ in three keyways: the socio-material constitution of digital
objects (data production), the friction arising from data movements across time and
space (data processing), and the mutability of data across different sites of practice
(data distribution). The data journeys methodology has since been applied to health
data in Finland (Aula 2019), children’s data across corporate, government and
university contexts (Swist et al., 2019), and the sciences (Leonelli, 2020) — yet its
application to the education sector is underexplored.

To adapt the data journeys framework to the current educational inquiry, we introduce the
concept of ‘educational data journeys’ defined as:

i) the socio-material dynamics of how education-related data is produced, processed, and
distributed for a range of short and long-term research, policy, and practice interests; and,

i) these data journeys are informed by, interrelate with, and exert influence upon,
educational decision-making across multiple sites of practice: the classroom, school
organisation, region (state/territory), national sector, and global system.

In the following sections, we unpack each of the four key dynamics. This is followed by our
approach to conduct a systemic exploration of educational data.

2. Background

Rapid changes in and access to data-related technologies in schools, which includes Al-
embedded tools, has significantly contributed to an increase in ‘data-driven’ assessment of
teacher effectiveness (Jerrim & Sims, 2021). Beliefs about the potential of educational data
and its capacity to aid in reforming education are often strongly positive and run parallel to
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increased expectations of positive outcomes for the sector, for schools, and for individual
students as a direct result of data use (e.g. Luckin et al., 2016). However, in reality the actual
use of data to evaluate and assess educational practice at scale, to support development of
AIED for these purposes, is complicated by limitations of data quality and infrastructure (e.g.
Winne, 2017), lack of agreement/alignment regarding goals for schooling and notions of
education success amongst various actors in the system (e.g. Ball et al, 2012), as well as
potentially conflicting views and understanding of the purposes of data use e.g. performance,
improvement, understanding (e.g. Perrotta & Selwyn, 2020). As a result, there are at times
competing demands on schools by way of data-informed educational policy on the use of
data in decision making and improvement. Further, the degree to which educational data is
seen as relevant or connected to the work of students and teachers varies enormously
across the system (Wiseman, 2010).

In Figure 1 we present a conceptual framework of educational data journeys, to consider
these competing socio-technical dynamics. The objective of ‘socio-technical’ theory and
design is “the joint optimization of the social and technical systems” and the perspective that
“every socio-technical system is embedded in an environment that affects the way it
behaves” (Mumford 2006, p. 321). A sociotechnical framing helps to think critically about the
complexity of ‘data infrastructures’ (Kitchin, 2014), such as dashboards, shared drives and
other method of accessing and storing data, are “embedded within a larger institutional
landscape of researchers, institutions and corporations, constituting essential tools in the
production of knowledge, governance and capital” (p. 20).

<insert Figure 1 here>

Our framework illustrates the key dynamics which co-constitute educational data journeys.
These four dynamics represent critical practices that shape the journey of educational data in
contemporary school improvement agendas.

2.1 Educational monitoring and data work

This dynamic considers the labour associated with educational monitoring (compliance,
performance, diagnostic) and attendant work mechanisms and obligations, e.g.
dashboards, data-entry. To begin to understand how educational data is used, we first
consider it in terms of the range of monitoring systems and data work done at schools -
mostly steered by compliance, performance, and diagnostic agendas (Richards 1988).
There is a growing interest in using digital data in schools, which is often aligned with
increased adoption of digital technologies such as learning management systems and
adaptive learning systems (Baker et al., 2021). Research shows that the most common
types of data used can generally be classified into three groups: assessment (e.g.
standardized tests), attendance, and student growth (e.g. academic performance,
wellbeing; Selwyn et al., 2021c). Data from the above three groups may be gathered at
the classroom and school level, or at the system level. Data are used for different tasks
such as monitoring of student retention (Baker et al., 2020), prediction of participation
in careers (Almeda, 2020), and evaluation of impact of individualised interventions
(Sales et al., 2018) through various recontextualizations of the data, such as use in
predictive modelling and early warning systems (Carl et al., 2013). The combinations of
data being generated, and actors engaging with the data, has increased the complexity
of its use as evidence to understand and improve learning, teaching and schooling.
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Whether captured locally or at the system level, this use of data requires extensive
combination of stakeholder groups and infrastructure elements, which results in “an
assemblage of people, technologies, protocols, processes, expectations and pressures
relating to addressing the broad imperative for schools to now to be ‘doing data™
(Selwyn, 2021b, p. 362). In particular, in schools data infrastructure is essential to
enable use of the above types of data. Schools need to make significant investments
into data infrastructure to enable data collection, storage, and use. Although technical
dimensions are often highlighted (Kitto et al., 2020), data infrastructure has equally
important social dimensions with implications for relevant stakeholders (Chatti et al.,
2012; Siemens et al., 2013). Data infrastructure also has implications on ‘invisible’
workloads of teachers who are to perform additional technical and secretarial tasks,
often insufficiently appreciated, to produce and assure completeness and quality of
data. Collection of digital data also has implications for additional labour requirements
of teachers and leadership in schools (Selwyn, 2021b). Teachers are required to
regularly record data about their students regarding assessment and other types of
activities that happen in the classroom.

At the system level, large-scale standardised test results are an example of educational
measurement and assessment efforts becoming data - data that are then used for a
multitude of purposes, many never originally envisaged and bearing unintended
consequences (Lingard & Sellar, 2013). These data are often used in isolation,
removed of context, and often heavily politicised. This reflects pressure put on
standardised test results to do what various actors in the system need it or want it to.
They become data 'done' to jurisdictions, schools, teachers, students, and their parents
when used as single metrics. However, when these data are combined with other
assessment information they can provide a more complete picture of student learning
(c.f. Gewirz et al., 2021). When this work is done by teachers and the school, it places
ownership of data and assessment expertise in the classroom and the school where it
is most meaningful.

2.2 Educational policy and data power

This dynamic addresses system-level expectations and implications related to data
production and use. Educational data serves as a basis for education policy, and gives those
that control the reporting of it, data power. As Lawn (2013) notes, ‘[t]he rise of data to
describe, represent or explain education systems, and their constituent parts, is a mid-
nineteenth century invention, associated with the rise of schools and budgets’ (p.7). More
recently however, a major shift for policy, which can be crudely separated into both policy
makers and users, is the use of digitized data for policy making. This digitalisation means
that education data are now potentially more accessible, and yet schools and systems are
dealing with what is known as a data deluge, where a proliferation of data is provided often
separately from the question of why data has been generated, collected and analysed. This
creates doubts around the applicability of data to policy. The question of what data counts as
significant for policy questions continues to be part of contestation over what matters in
schooling, and what counts as evidence (Hammersley, 2005; Wiseman, 2010).

One element of contestation pertains to the status of policy knowledge and expertise -
or what we might see as the application of analysis from data. That is, data and hence
policy making is seen as distant from where it was generated (classrooms, schools)
and where it will be applied. Whether this is a new problem is debatable — there has
always been an historical gap between bureaucracies and the site of practice, or what
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is known as the site of implementation or enactment (Ball et al, 2012). What might,
conceivably, be different now is that policy can be not only implemented, but
responded to, through the creation of school-based data generation and analysis (e.qg.,
through data analytics as part of school information systems). There is a possibility for
school leaders and teachers to become more active policy participants in ways that
were not previously possible. Data use can mean expertise that seems distant from
teachers, and 'data done to teachers’ (e.g. use of data science in governmental
departments). However, the same phenomenon can open up new spaces for teacher
agency about decision making (e.g. via school based data use).

2.3 Teacher and student identities & data-informed practices

This dynamic highlights the use of data in schools to evaluate and assess teachers' work and
student learning Teachers and students are continually engaged in cycles of data-driven
assessment and feedback to monitor, compare and improve learning. Attendance, learning,
engagement, current and future performance, behaviour and wellbeing are quantified and
analysed through digital tools, dashboards, 'walls' using a range of data (e.g. Lucking et al.,
2016). Collectively such practices normalise the generation and use of digital data as
meaningful evidence in teaching and learning cycles. On one hand, data has been used in
decision making and student support to identify at-risk students, create intelligent tutors, and
evaluate interventions and initiatives (e.g. Williamson & Enyon, 2020). However, there have
also been concerns raised around privacy, dramatically incorrect classifications and
predictions of student performance and progression, loss of teacher autonomy, and
inappropriate management actions taken by leadership on the basis of data interpretation
misunderstandings (e.g. Gewirtz et al., 2021; Williamson, 2017).

It has long been held that good teaching practice involves making informed judgments, be it
through the examination of critical incidents (Tripp, 2011), utilising a range of assessment
and other learning information, reflective practice, peer review, or application of research.
Now, discourse associated with ‘data’ and ‘evidence,’ as a way of objectively knowing
students and improving learning, is commonplace (e.g. Spina, 2020). Evidence-informed
practice moves beyond evidence-based practice and the application of research to teaching
practice (Spencer et al., 2012) to the “integration of professional judgement, system level
data, classroom data and research evidence” (Nelson & Campbell, 2017, p. 129). The
incorporation of data as a key element in evidence-informed practice leads us to then
consider terms such as data-based decision making (Nelson & Campbell, 2017) and more
generally the role of evidence in decision-making.

The notion of evidence-based decision making has accompanied society’s data revolution
(Kitchin. 2014). The notion of a data revolution is associated with an improvement agenda. In
the education setting, this improvement agenda is highly influential. It speaks to several
ideas relating to the purposes of schooling e.g. to promote egalitarianism and provide equity,
intergenerational mobility (Hallinan, 2006), but also the notion of accountability that is
associated with the data revolution (writ large). Students are represented through digital data
and by educational platforms in various ways. These practices reposition teachers’
professional judgement and situated understanding of their students and as subordinate to
objective data (Williamson, 2017). However, the use of this data to inform practice is complex
and presents challenges for educators (Mandinach & Jimerson, 2016; van Leeuwen, van
Wermeskerken, Erkens, & Rummerl, 2017). It also presents challenges for school leaders as
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to the use of student data, particularly achievement data, and its relative importance in
relation to a raft of other teacher evaluation possibilities (Peterson, 2000).

2.4 Knowledge beliefs and data literacies

This dynamic considers teachers and leaders' beliefs about and capacity to work with
data to fulfil expectations, evaluate teaching and innovation, and assess students. Two
intertwined key factors affecting how data is used are knowledge beliefs and literacies.
On a broad scale, "data are presumed to be the mechanism to improve educational
outcomes" (Thompson, 2017, p. 828). Data are also presumed to reveal 'quality’
teaching and student needs (ibid.). At the level of practice, certainly teacher numeracy
and beliefs regarding the potential of assessment data for formative purposes are
important elements in how data will be used. However, these beliefs can vary widely,
from feeling the data is: largely irrelevant for practice; primarily for accountability; or as
useful input in classroom teaching and learning (Barnes et al., 2017). However, these
beliefs must be seen in the wider context of teacher practice, and in terms of how
teachers must incorporate technologies and various assessment practices in their work
(Wasson & Hansen, 2016). Specifically, teachers' beliefs are bound up with their data
literacy, wider practices of learning design, technology use, and institutional
organisation and infrastructure (Alhadad et al., 2018).

Working with data to inform practice, a dimension of data literacy, is now central to
schooling and teaching (Gummer & Mandinach, 2015). Therefore, considerations of
data infrastructure in schools need to pay attention to stakeholders' data literacy to
enable stakeholder participation and avoid inadvertent effects of data misuse in
schools (Mertala, 2021). This change is embodied internationally through teacher
standards, electronic reporting requirements and increased use of digital assessment
and feedback mechanisms. Thus, while Mandinach and Gummer (2016) identify 41
skills that make up data literacy — from accessing, generating and analysing, to
interpreting and acting on data — these skills should not be conceived in isolation from
the wider context of teacher practice and the actual data they work with in their
moment-to-moment and longer-term interactions.

Moreover, Timperley and Earl (2009) highlight, having relevant data is not enough,
using this data is a human activity that requires learning conversations that shape and
are shaped by our actions and (data informed) judgements of their impacts. That is, in
understanding data literacy, there is a need to consider not only teacher engagement
with provided examples (such as those from standardised assessments), but also in
developing ‘research-rich’ teacher practices, in collecting data to guide practice,
understand student progression, and inform decision making (Mills et al., 2021). In this
context, it is also crucial to understand the various stakeholders involved and their roles
in learning systems, including teachers, the important role of leaders in promoting data
informed decision making, government agencies, and professional development
providers (Mandinach & Gummer, 2013). As we discuss here, the ways in which data is
created, framed, re-framed, and moves between these stakeholders is a significant
consideration in the data journey.
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In this section, we have unpacked the four key dynamics of educational data journeys. Each
of these four have an effect on expectation around data use, how data is created/captured
and repurposed across educational contexts. However, they are also intertwined in data use
and practice. These implications will affect the ultimate conclusions that can be drawn from
data, but also the experience of leaders, teachers and students in their day-to-day education
experiences and decision making. These effects, interaction and possible experiences will be
explored through the data journeys analysis.

3. Methods and approach

The aim of the study is to explore expectations of, and implications arising from, the
complexity of educational data in school improvement agendas. To explore how educational
data may move through schools as sociotechnical infrastructures, as outlined earlier, we
draw on the concept of the 'data journey' (Bates et al., 2016). The concept of a data journey
provides a framework to explore the ways data are repurposed in data production,
processing and distribution activities. Bates et al. (2016) acknowledge methodological
influences such as actor network theory (ANT) and science and technology studies (STS) yet
articulate their point of difference as being the journey of data over time in relation to various
infrastructures and sites of practice. At each point, data activities are affected by socio-
cultural values and sociomaterial conditions that influence 'the form and use of data and their
movement across infrastructure’ (Bates et al., 2016, p. 2). Therefore, analytically this
approach can help inform how stakeholders are using data and associated practices.
Specifically, we consider where educational data is going, how it is being taken along this
journey and what is made at the end. This knowledge is needed to better understand
potentially conflicts and purposes of data in school improvement, and ultimately if it is to be
scaled and/or used in automation.

3.1 Data source

For this study, we draw on publicly available policy documents from one state in Australia.
We have chosen to address policies around school improvement, specifically the notion of
'school excellence’, which is defined as being at the "core of all work...focusing on continuous
school improvement" and it "encompasses all areas of school planning, ongoing self-
assessment, reporting and external validation" (New South Wales Department of Education
[NSW DoE], 2021). The use of educational data is embedded in these policies to support a
range of targets, which support school improvement.

The broad set of policies accessed for this analysis sit within the domain of 'School
excellence and accountability’' (NSW DoE, n/d). The School Excellence policy is its own
section of this domain. The School Excellence policy was chosen here as the starting point
because policy implementation is not just about a policy document, but also includes specific
sites of enactment, along with a range of stakeholders and targets, such as system-identified
targets, school leadership and student needs. A key tool in the School Excellence policy is
the 4-year School Improvement Plan (SIP), which includes a mandatory reporting component
and must be developed and/or reviewed by school leadership each year. Throughout the
process of developing and implementing the SIP, a wide array of system and school
educational data are recommended to school leadership for use as 'evidence' to support
improvement initiatives. Standardised test scores form a key part of these processes, as a
feature in school rankings for parental and ministerial attention, for school leaders in
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understanding and improving, and individual teachers and students in administering and
taking tests and the range of formative pedagogic activities around this.

As a starting point for this analysis, we have chosen to map the journey of standardized test
data based on suggestions, expectations and recommendations of data use at schools, in
the School Excellence policy. In Australia, the most commonly known standardized testing
data is from the 'NAPLAN' test. This is data from the National Assessment Program, Literacy
and Numeracy (NAPLAN). A key objective of the national assessment program (NAP) is to
monitor student progress over time. The specific literacy and numeracy tests (NAPLAN) are
delivered annually for Year 3 (age 8-9), Year 5 (age 10-11), Year 7 (age 12-13) and Year 9
(age 14-15) students. Every three years the NAP also includes sample assessments such as
science literacy, civics and citizenship, and information and communication technology
literacy, and international assessments. Simply, the NAPLAN is designed to assess skills
"that are essential for every child to progress through school and life" (NAP, 2016).

3.2 Analysis

The analysis of NAPLAN data was conducted in two stages. The first was a 'heuristic
walkthrough' to identify how NAPLAN data was identified and explicated for use as part of
the School Excellence policy. Walk-through methods have been widely used in studies of
digital technologies, in particular gaming (Light et al., 2018), software development and
usability (Mahatody et al., 2017). School Excellence policies and supporting documentation
were all provided on the publicly available department website:
https://www.education.nsw.gov.au/.

The heuristic walkthrough method is based on a list of task guides and related thought
focusing questions (Sears, 1997). For this analysis, the questions were: i) Where was
educational data identified for specific purposes (e.g. data linking), and ii) Where was
stakeholder use of data expected (e.g. to evaluate a program)? This is a two-pass approach
(Sears, 1997). The first pass is 'free-form' and with the intention of exploring tasks from a list,
in any order. The second pass is guided by a 'task-oriented' introduction to a system and a
list of heuristics. They then explore for usability issues. Adapting this method for the current
analysis, in the first pass the researchers engaged in free-form use of the School Excellence
website as though they were a school leader and planning to develop a four-year school
improvement plan. The researchers documented their paths using Google Draw and creating
a flow-chart. In the second pass, they went through again and elaborated on the flow-charts
to identify points where NAPLAN data was recommended as evidence for a particular aim or
process in a school improvement plan and its relation to one of the four dimensions of the
framework: data power, data work, identities and literacies. Importantly, usability of the
website was specifically not addressed, other than how educational data was expected to be
used by school leaders and teachers. This process provided a way to reliably triangulate
results from the first and second pass. The approach provides way to consider tasks from
different positions: to confirm data-related tasks, their expected aim and how they related to
other tasks identified in the policy (e.g. Flick, 2018).

In the second stage of analysis, these representations and recontextualizations were
examined in more depth through the four dynamics of educational data journeys. First, the
life of NAPLAN data was explored, which include the development and infrastructure which
can then point to key moments in the data journey and related practices. The life of NAPLAN
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data was available online through the National Assessment Program website. Related state-
level practices were identified in the first stage of analysis and included in the flow-charts.
The flow charts then provided an initial mapping for the data journey (Bates et al., 2016).
NAPLAN data use was then considered in relation to:

i) how and when was the data produced, processed, and/or distributed and for what purpose;
and,

ii) how was the data related to or positioned in educational decision-making, at what level
and by whom?

In the analysis, the journey of data through different possible sites and with different
stakeholder practices. The conditions, contexts and socio-cultural values related to these
movements and practices comprise the data journey.

4. A data journey

In the following section, we map the data journey of NAPLAN data in relation to school
improvement policies. At a national level in Australia, the Alice Springs Declaration highlights
the need to boost understanding and capacities to leverage educational data to inform
planning, policy, teaching and learning. At the state level, digital educational data is captured
at a wide range of points -- from classrooms and schools, to professional learning and
educational policy. In the last decade, states have had an increased focus on ‘data-driven
instruction’ and 'insights-driven education' suggest (Lingard & Sellar, 2013). One of the forms
of data that has been widely used to assess school improvement, teacher quality and student
needs, has been standardized testing data.

Analysis suggests that, in response to educational policy, NAPLAN data flows across
multiple time periods and experiences a number of transformations in that process in relation
to data production, data processing and data distribution:

1. Data production — The origin of NAPLAN data is from students’ participation in a national
standardized test, in school years 3, 5, 7 and 9.

2. Data processing — The first NAPLAN data transformation is three months after students
complete the national standardized testing exercise. At this point, student data is received by
the state education department it is transformed into system-level data.

3. Data distribution — System-level data can be access through a state-controlled online
dashboard to be used to assess school improvement and change. This is a second data
transformation, which is also detailed in expectations of schools’ four-year improvement
plans.

4. Data processing — The third transformation may happen any time after the NAPLAN data
is made available through the dashboard. Here, educational policy expects that NAPLAN
data will be used by school leaders and teachers as evidence of school improvement over
time, as part of School Improvement Plan policy.
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5. Data distribution — A fourth transformation, detailed in School Improvement Policy, is
return of evidence of school improvement over time, through the use of NAPLAN data. This
evidence is then returned to the system, specifically uploaded through another dashboard, to
evidence change and improvement on system-level targets.

In the following section, this data journey is unpacked and examined in relation to:

i) how and when was the data produced, processed, and/or distributed and for what purpose;
and,

i) how was the data related to or positioned in educational decision-making, at what level
and by whom?

5. Unpacking the journey

Educational policy suggests numerous points where data can be processed and distributed
and recommended as ways to support decision making in the form of evidence. Expectations
for use of educational data for these purposes interact with the four key dynamics in ways
that offer opportunities and complications. Two key findings reveal themselves. The first is
the level of autonomy in the system for school leaders to determine their own targets and
uses of the data, to a degree. However, a complication sits in relation to the number of ways
data is recontextualized and the resulting abstraction of data as it moves further from its
designed purpose, particularly over time. These issues, in relation to the four dynamics of
schools as sociotechnical infrastructures, are explored in the following discussion as where
we are going with data use, what is being taken and what is being made.

5.1 Data production: Origins of the data

Resources state that NAPLAN specifically focuses on "student performance" in literacy and
numeracy, which includes numeracy, along with reading, writing, spelling, grammar and
punctuation for literacy (NAP, 2016). The test is taken in Years 3,5, 7 and 9. Results are
reported along a common 10 band scale. The bands represent increasing complexity of skills
from O to 10. The bands are graded, in that Year 3 covers bands 1-6 up to Year 9 which
covers 5 to 10. Higher level bands represent achievement in more complex skills and
knowledge. Using the bands, student performance can be monitored over time for an
individual and nationally, which is a key dynamic in the educational data journey. Individual
student and school NAPLAN results are reported in each year as mean, scale and score and
in comparison to national standards. National reports are publicly provided online, but
datasets are only available upon request. Score reports are provided to students' families
and each principal, in each year (NAP, 2016). This data can be accessed by various
stakeholders and from various locations, at any time.

In terms of educational policy as a key dynamic in data journeys, an identified state target
has been that more students would be achieving in the two bands for both numeracy and
literacy, across all four years. As an example, we propose that a data journey may begin with
a nine-year-old child in Year 3, who may be performing at that level or may not. The student
taking the test is the point of production. The child attends school, along with peers across
Australia, and for the first time sits the four NAPLAN tests over three consecutive days in
May, each lasting between 40-65 minutes. Tests are administered on paper and online via
the schools networked computers, usually outside of their regular classroom. At the time of
the test, the child may be tired or well-rested, confident or apprehensive, anxious or calm,
agitated or bored (see Thompson, 2013). Their performance will be affected by their complex
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unique selves shaped by their subjective life experiences. The test captures data about the
child’s performance on test items at this moment, and again in Years 5, 7 and 9. In this way,
the child becomes a monitored data subject, and their response to each question a data
point, marking the start of the data journey.

5.2 Data processing: 'System-level' data

At the Department level, state NAPLAN data are received in August, approximately three
months after the student sits the test. Once received, data is stored and then processed for
various monitoring and policy purposes. The processed data is made available to
stakeholders in a range of forms, such as through dashboards or in pre-processed reports.
This first point of transformation and recontextualization of data begins soon after the data is
received. The processed forms remain accessible for several years. These forms of system-
level processed data are made available, and identified, in the School Excellence policies.
This suggests possible complications and/or conflicts with the original intentions of NAPLAN
data and its possible futures as evidence across the system (e.g. Lingard & Sellar, 2013).

Part of the School Excellence policy is to create a 4-year Strategic Improvement Plan (SIP).
A key component of creating this plan is the identification of 'strategic directions', which form
the basis of school planning for improvement. It is mandated that system-negotiated targets
are included in the SIP. An identified system target of the state is to "increase the proportion
of public school students in the top two NAPLAN bands for literacy and numeracy” (NSW
DoE, 2021a). A school’s strategic direction related to this target must be achievable in four
years. lllustrating the dynamic of data power in the data journey, improvement must be
measurable in a range of ways and using a range of data sources (e.g. Gewirz et al., 2021).
Further, this is often expected to be 'against baseline data' as a form of on-going monitoring.

One of the recommended data sets is NAPLAN. This means NAPLAN data is now positioned
as evidence at the school level, but at the same time addressing a target at the system level.
The data is being asked to serve two purposes and suggests a complexity of stakeholders
engaging with this data for a range of purposes (Selwyn, 2021b). Over the next four years
evidence of school progress on this target is gathered, interpreted and input into a system-
created online platform. There it is tracked for progress and external validation of
improvement, which further demonstrates the power given to data in the educational system.

5.3 Data distribution: Becoming evidence

Digital data convey specific sets of values, logics, interests and agendas (Perrotta & Selwyn,
2020), which structure the key dynamic of data practices. In this analysis, two forms of
NAPLAN data are identified as forms of evidence through policy and distributed through two
platforms: a state Educational Data Hub and data reporting accessed through a data analysis
dashboard. These are by no means the only places this data is distributed, but they are two
commonly used access points and frequently identified as sources in the policy
documentation. First, pre-processed NAPLAN data summaries are publicly available to any
audience through the Education Data Hub. Specifically, there are four data sets available
that address performance in the 'top two NAPLAN bands'. This provides an easily accessed
and generic form of evidence and a specific data practice that schools can bring into their
school improvement work.
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A second location where school leadership are directed to access NAPLAN data is a 'school
dashboard'. The dashboard is a "data and analysis platform, developed to provide better
information about our schools, easily accessed in one central place" (NSW DoE, 2020b),
which comprises various student and school performance measures. The data is made
accessible through a range of 'modules’ to use data to 'assess' and 'evaluate' student
performance and experience. A specific data practice embedded in the dashboard,
illustrating data power and usage expectations, is the Bands over Time report (NSW DoE,
2020a). In this report, NAPLAN data is used to assess the implementation of a school maths
program, through performance over time and impact. The report can be extracted from the
school dashboard. As a way to mitigate the key dynamic of data literacy, the website
suggests to cross-reference results with individual assessment scores. This is a critical part
of the data journey, but one that is suspectable to users’ literacy and beliefs about data,
which are further affected by different frames of time and location of the data from its origin.
In that this is pre-processed NAPLAN data being extracted from the dashboard to assess
program success, rather than student performance which was the original intent of the data
(e.g. Gewirtz et al., 2021). This raises a number of questions about how data would be
interpreted to determine program success and impact, given its decontextualization,
leadership's data literacy and the resulting possible misunderstandings (e.g. Williamson,
2017). This echos concerns about how educational data is repurposed and for what
purposes, particularly as an evaluation tool and determining effectiveness and quality (e.g.
Webb et al., 2020).

5.4 Data processing: Assessing school improvement

The journey of NAPLAN data can be further transformed from a broad perspective of school-
level student performance, to the classroom to address school improvement through
improving teacher quality. For example, it could be assumed that leadership determines that
teachers require professional learning for students to achieve in the top two bands on the
NAPLAN exam. To progress on this target, a professional learning self-assessment tool is
linked to the School Excellence policy. In this self-assessment tool, identification of specific
data practices to determine professional learning are detailed. Specifically, assessment of

'student needs', “identified through analysis of progress and achievement data at system,
school and classroom level" is highlighted (NSW DoE, 2021c, p.2).

Through this particular data practice, teachers would be expected to use powerful system
data, such as NAPLAN data, to assess student needs. However, the same data could also
be used to assess their own capacity to deliver quality teaching. This presents potentially
conflicting data practices, particularly in a high-stakes environment where their
professionalism is being assessed (e.g. Mandinach & Jimerson, 2016; Peterson, 2000).
Moreover, this type of practice also invokes issues of data literacy and beliefs about data
use, and this kind of assessment (Mills et al., 2021) and puts teachers at risk of negative
impact on their well-being, without real gains (Jerrim & Sims, 2021). Considerable vision and
leadership would be needed to build common values and beliefs around this data practice,
which may or may not occur within the four-year SIP timeframe. Regardless, policy
documents suggest that this collection of data practices, using NAPLAN data to monitor
student needs and teacher quality over time, provides some form of insight into school
improvement.
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5.5 Data distribution: Returning to the system

Schools use NAPLAN data to monitor school improvement over time. Results from this data
practice are then put into the online reporting system as evidence of school improvement.
Importantly, the online reporting system does not accept all forms of evidence that a school
may use to demonstrate school improvement. This has two implications and possible effects
on what is provided as evidence. School leaders and teachers may avoid using evidence that
is difficult to demonstrate. If it cannot be uploaded into the online reporting system, it may be
considered less legitimate and to have less power. It is possible they use evidence they do
not fully understand or value in their own practice, because it is compatible with the system.
Either way, limitations of this data practice likely to affect how improvement is reported and
also understood by evaluators (cf. Perrotta et al., 2021). It is not clear in the online
documentation what is or is not accepted in the online reporting system, so it is not possible
at this point to know more about possible effects.

For the transformation of NAPLAN data, over the four years of the SIP, and through analysis
by school leadership and teachers, this is the final step on the journey: its transformation into
school improvement data and distribution to inform the system-level target. This may be over
one year and up to four years after the genesis of the NAPLAN data, or even longer if
schools are drawing on insights from further back. At the system-level, the school data is
aggregated with other schools to build power in data-based assumptions, to run comparisons
in relation to their geographic groups, as 'like schools' and in relation to other social
demographics. In some cases, funding is based on these results or even staffing (e.qg.
Lingard & Sellar, 2013; Gewirtz et al., 2021).

The steps of the NAPLAN data journey discussed above present where the data was
produced, several points where data is processed and distributed, as part of a data journey.
Analysis illustrates some of the ways policy mandates monitoring, creates data power and
shapes data practices, but where these practices are subject to limitations based on beliefs
and literacies. Implications of the four key dynamics within the data journey approach has
provided a way to isolate and examine how data use and practices occur, how they may
occur over time and how data could be asked to move between different locations. This
provides some gains in making data practices more visible and potentially identifying where
more participatory work could happen in this process, to improve the process and possible
outcomes. In the following section, we unpack some of these implications in light of schools
as socio-technical infrastructures.

6. Implications and future work

This discussion considers how we can better understand issues related to educational data
journeys, to make visible the range of stakeholder data uses and practices, to consider
implications of scaling up data for implementation of AIED. Therefore, as a starting point, the
aim of this analysis was to explore expectations of, and implications arising from, the
complexity of educational data in school improvement agendas. As part of this investigation,
we asked: where we are going with educational data use, what we are taking with us and
what is being made. The main finding from the data journeys analysis is the range of
transformations that can potentially take place within even a short data journey. This has
illustrated how far data can travel from its origin and some of the potential misinterpretations
and effects that can occur on that journey. Our focus upon data work, power, identities, and
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data literacies intersect, highlights avenues of future research aligned with the following three
guestions.

Where are we going? In response to this question, we propose the need for future
educational data journeys research to explore the challenges and opportunities of emerging
Al technologies. This considers data practices in light of scaling up to automation and
development of AIED. However, this does not mean that aim is universally accepted in an
education system, at schools or the aim of policy. Each stakeholder group has their own
assumptions about the goal of educational data use (Barnes, Fives, & Dacey, 2017). This
becomes increasingly meaningful when these beliefs and intentions coincide with
infrastructure. In terms of educational monitoring and data work, the possibility of
misinterpretation is high given the possibility of low data literacy and/or conflicting beliefs
about knowledge at all points in the journey (Williamson, 2017).

What are we taking? In response to this question, we propose the need for future educational
data journeys research to co-create data infrastructures with diverse stakeholders. There is a
risk when stakeholders are not involved in the development of data practices and
expectations placed on their work. Given how new many of the data practices are to
leadership and teachers, co-creation of data application and transformations is critical for
meaningfulness and validity. This issue addressed the question of 'what are we taking'. In the
data journey, the data and its imperfections are being brought along. However, the
knowledge and beliefs of stakeholders (as users and analysts) when interacting with data
infrastructures will have a range of unanticipated effects on the journey and life of the data
(e.g. Lingard & Sellar, 2013).

What are we making — and how?, In response to this question, we propose the need for
future educational data journeys research to explore representations of evidence and data
work practices. This is particularly critical in relation to in the large amount of data work that
would need to occur at schools to provide evidence for school improvement, over four years
(cf. Selwyn, 2021b). Over that range of time and with data covering a number of locations,
there should be questions about who is doing that work, are there different people and what
are their various understandings. While schools are provided with school dashboards to
extract pre-processed data sets, once the data is at the school level and is transformed, over
one to four years, it takes on meaning and intent from each user and their practices. Thus,
what is 'made' at the end of the process and what is put forward as evidence is also a
reflection of the data work at that location. Therefore, each school using NAPLAN data for
the same purpose will produce different evidence. This introduces questions about how
these are then assessed together or aggregated from the online reporting system. Again,
without participation and collaboration at the stakeholder and data user level a high level of
variation will exist in how educational data is used and valued in schools, who is even
included in the representation of evidence and how their voice is heard in the story of school
improvement (e.g. Williamson & Eynon, 2020).

Using the educational data journeys approach, we have demonstrated implications of data
use in schools, based on existing expectations from policy. In the transformation of NAPLAN
data from its origins as actual student performance and progression data to system-level
data used as evidence for school improvement. There are a number of limitations in this
analysis. The most pressing is our interpretation of the School Excellence policy and its
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implementation at schools. We stress that this is not an analysis of school and/or teaching
practices. It is only an examination of an educational data journey through educational policy
documents. It is one of several journeys that could be taken by school leaders and teachers,
in school improvement work. Future research needs to study data journeys in relation to
actual school and classroom practices. Until educational data journeys are examined beyond
policy the full implications of data use will remain obscured. Without a better understanding
of those practices, the knowledge differences, understandings, literacies and beliefs about
data of each user will change what can be known and how data can be used. There is
significant potential in educational data, but to improve the quality of data infrastructures and
data practices to support AIED well, much more needs to be known about its reality.
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Figure 1. Key dynamics of educational data journeys: the interrelationship between data work,
power, identities, and literacies
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Schools can be considered as socio-technical infrastructures that can influence data
use

Educational data practices can be contradictory and have effects over time
Stakeholders’ capacities need to be considered in data use

Participatory approaches may ameliorate issues of contradictions and capacities



Declaration of interests

The authors declare that they have no known competing financial interests or personal relationships
that could have appeared to influence the work reported in this paper.

CIThe authors declare the following financial interests/personal relationships which may be considered
as potential competing interests:




