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ABSTRACT

This chapter explores the challenges of learning analytics within a virtual learning infra-
structure to support self-directed learning and change for individuals, teams, organizational
leaders, and researchers. Drawing on sixteen years of research into dispositional learning
analytics, it addresses technical, political, pedagogical, and theoretical issues involved in
designing learning for complex systems whose purpose is to improve or transform their
outcomes. Using the concepts of 1) layers — people at different levels in the system, 2) loops
— rapid feedback for self-directed change at each level, and 3) processes — key elements of
learning as a journey of change that need to be attended to, it explores these issues from
practical experience, and presents working examples. Habermasian forms of rationality are
used to identify challenges at the human/data interface showing how the same data point
can be apprehended through emancipatory, hermeneutical, and strategic ways of knowing.
Applications of these ideas to education and industry are presented, linking learning jour-
neys with customer journeys as a way of organizing a range of learning analytics that can
be collated within a technical learning infrastructure designed to support organizational
or community transformation.

Keywords: Complexity, learning journeys, infrastructure, dispositional analytics, self-di-

rected learning

Learning analytics (LA) is a term that refers to the
use of digital data for analysis and feedback that
generates actionable insights to improve learning.
LA feedback can be used in two ways: 1) to improve
the personal learning power of individuals and teams
in self-regulating the flow of information and data
in the process of value creation; and 2) to respond
more accurately to the learning needs of others. The
growth of new types of datasets that include “trace
data” about online behaviour; semantic analysis of
human online communications; sensors that monitor
“offline” behaviours, locations, bodily functions, and
more; as well as traditional survey data collected from
individuals, raises significant challenges about the
sort of social and technical learning infrastructures
that best support processes of improvement, adap-
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tation and change. These challenges are located at
the human/data interface and are as important for
schools or universities whose purpose is to enhance
learning and its outcomes as they are for corporate
organizations whose purpose is the provision of a
service or a product. Both depend on the capability
of humans within their systems to be able to monitor,
anticipate, regulate, and adapt productively to complex,
rapidly flowing information and to utilize it in their
own learning journey to achieve a purpose of value.
Learning analytics provides formative feedback at
multiple levels in an organization: the same datasets
can be aggregated for individuals, teams, and whole
organizations. When learning analytics are aligned
to shared organizational purposes and embedded
in a participatory organizational culture, then new
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models of change emerge, driven by internal agency
and agility, rather than by external regulation.

This chapter reports on a sixteen-year research pro-
gram of dispositional learning analytics that provid-
ed a rich experience in the technical, philosophical,
and pedagogical challenges of using data to enhance
self-regulated learning at all levels in an organization,
rather than simply for “top down” decision making. It
utilizes the metaphor of a “learning journey” as a
framework for connecting different modes of learning
analytics that together constitute a virtual learning
ecology designed to serve a particular social vision.
Drawing on systems thinking, it uses the themes of
“layers,” “loops,” and “processes” as characteristics of
complex learning infrastructures and as a way of
approaching the design of learning analytics (Block-
ley, 2010).

LEARNING ANALYTICS FOR FORMA-
TIVE ASSESSMENT OF LEARNING

The challenge of assessing learning dispositions was
the starting point for the research program that be-
gan in 2000 at the University of Bristol in the UK. Its
rationale was drawn from two findings from earlier
research: 1) that data identified and collected for as-
sessment purposes drives pedagogical practice; and
2) that high-stakes summative testing and assessment
depresses students’ motivation for learning and drives
“teaching to the test” (Harlen, 2004; Harlen & Deakin
Crick, 2002, 2003). This was a design fault in educa-
tion systems that have changed little over the last
century but that aspire to prepare students for life in
the age of “informed bewilderment” (Castells, 2000).
The challenge for the research program was first
to identify, then to find a way to formatively assess,
the sorts of personal qualities that enable people to
engage profitably with new learning opportunities in
authentic contexts when the “outcome was not known
in advance” (Bauman, 2001).

Drawing on a synthesis of two concepts — 1) learning
power (Claxton, 1999) and 2) assessment for learning
(Broadfoot, Pollard, Osborn, McNess, & Triggs, 1998)
— the original factor analytic studies identified seven
“learning power” scales and the computation of new
variables through which to measure them. These scales
included aspects of a person’s learning that are both
intra-personal as well as inter-personal, drawing on
aperson’s story and cultural context (Wertsch, 1985).
Designed as a practical measure, together they were
referred to as “dimensions of learning power” (Yeager
etal., 2013). The scales were validated with school age
students (Deakin Crick, Broadfoot, & Claxton, 2004;
Deakin Crick, McCombs, Broadfoot, Tew, & Hadden,

2004; Deakin Crick & Yu, 2008) and with an adult
population (Deakin Crick, Haigney, Huang, Coburn,
& Goldspink, 2013) and in 2014 the accumulated data
(<70K) was re-analyzed to produce a more rigorous
and parsimonious instrument, known as the Crick
Learning for Resilient Agency Profile (CLARA; Deakin
Crick, Huang, Ahmed Shafi, & Goldspink, 2015).

The purpose of the research was to collect data for
teachers that would enable them and their students
to understand and optimize the processes of learning:
specifically to hand over responsibility for change to
students themselves by providing them with formative
data and a language with which to develop actionable
insights into their own learning journeys. The team
used technology to generate immediate personalized
feedback from the survey data through computing
and representing the dimensions of learning power
as a spider diagram. This immediate, visual analytic
presents the learning power latent variable scores as a
pattern to invite personal reflection. Numerical scores
are avoided because they represent a form of analytic
rationality (Habermas, 1973) more often used to grade
and compare for external regulation and encourage
entity thinking rather than integral and dynamic
thinking (Morin, 2008). The visual analytic provides
aframework and a language for a coaching conversa-
tion that moves between the individual’s identity and
purpose and their learning goals and experiences. It
provides diagnostic information to turn self-diagnosis
into strategies for change (see Figure 25.1). This later
became part of the definition of learning analytics
(Long & Siemens, 2011; Buckingham Shum, 2012).

Since the first studies were completed, ongoing research
explored learning and teaching strategies that enable
individuals to become responsible, self-aware learners
by responding to their Learning Power profiles (Deakin
Crick & McCombs, 2006; Deakin Crick, 2007a, 2007b;
Deakin Crick, McCombs, & Haddon, 2007). The focus
was on those factors that influence learning power
and the sorts of teaching cultures that develop it
(Deakin Crick, 2014; Deakin Crick & Goldspink, 2014;
Godfrey, Deakin Crick, & Huang, 2014; Willis, 2014;
Ren & Deakin Crick, 2013; Goodson & Deakin Crick,
2009; Deakin Crick & Grushka, 2010). Further empirical
studies identified pedagogical strategies that support
learning power: coaching for learning (Wang, 2013;
Ren, 2010), authentic pedagogy (Deakin Crick & Jelfs,
2011; Huang, 2014), teacher development (Aberdeen,
2014), and enquiry-based learning (Deakin Crick, Jelfs,
Huang, & Wang, 2011; Deakin Crick et al., 2010). The
conceptual framework provided by the dimensions of
learning power provides specificity, assessability, and
thus practical rigour to an otherwise conceptually and
empirically complex social process.
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Taking responsibility for my own learning over time through defining
my purg . under ing and ging my feelings, knowing
haw I go about learning & planning my learning journey carefully.

Mindful Agency

Hope and optimism

Having the optimism & hope that | can learn |
& achieve over time. Having a growth
mindset; believing | can generate my awn
mew knowledge for whot [ need to achieve |

Collaboration =~

Being able ta wark with others, to ™.,
colloborate and co-generate new ideas
and artefacts. Being able to listen and
contribute productively to a team.

Belonging
Being part of o learning community ot work, ot home,
in education & in my sacial networks. Knowing | hove
sacial resources to drow on when | need them

- Sense making
s Making connections between what [ already
| know & new information & experience.
| Maoking meaning by linking my story, my new
1 learning & my purpose.

7 Creativity
A Using my intuition & imegination to
generate new ideas & knowledge. Toking
risks & playing with ideos and artefacts to
arrive at new solutions.

“Curiosity
Wanting ta get beneath the surfoce & find
out more. Always wondering why and how.

An emational arientotion of being open & ready to invest in learning, having flexible self-belief, willing to persist
& manage any self-doubt. A necessary pre-requisite for developing resilience in leaming

Rigid Persistence

Open Readiness

Dependent Fragility

Figure 25.1. Individual Learning Power Profile visual analytic.

The provision of the survey and the calculation of the
latent variables in a web-based format afforded the
possibility of using the same dataset for rapid feedback
for users at four different levels in organizations. First,
individual feedback via the visual analytic is available
privately to the individual. Second, anonymized mean
scores for groups are computed so that a teacher or
facilitator can look at the learning characteristics of
a teaching group or class and adapt their pedagogy
accordingly. Third, anonymized mean scores combined
with other variables from an organization’s manage-
ment information system, such as demographics and
grouping variables, and others such as attainment or
well-being measures, allow for a more sophisticated
exploration of data in a whole cohort or organization
to inform leadership decision making. Finally, with
appropriate permissions, anonymized data can be
harvested for exploratory research at a systems
level. Each feedback point provides data that carries
actionable insights — in other words new learning
opportunities (see Figure 25.2).

Rapid feedback of personal data about learning forms
part of the emerging field of dispositional learning
analytics (Buckingham Shum & Deakin Crick, 2012). It
transgresses traditional boundaries, not only in social
science, where the focus for research purposes is
often on one variable at a time with a view to explor-
ing the impact of one entity on another to serve a
research purpose. Traditional boundaries are also
transgressed in terms of data systems, which are
often understood as the province of system leaders
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el

Figure. 25.2. Rapid analytics feedback at four levels.

rather than for empowering subjects themselves to
become self-directed learners. Traditionally, data is
collected for system leaders rather than for individ-
uals. The infrastructure for gathering data at scale,
managing stakeholder permissions, and providing a
range of analytics from real time summaries to ex-
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ploratory research has raised challenges in terms of
technology, the politics of power, organizational
learning agility, and personalization.

LEARNING ANALYTICS AND
PEDAGOGY: POINTS OF TENSION

This research program served a practical purpose in
the development of pedagogies for personalization and
engagement in a variety of educational and corporate
settings. The term “dispositional learning analytics”
was not used in until as late as 2012 (Buckingham
Shum & Deakin Crick, 2012) and the focus on learning
analytics was an “unintended outcome” of the original
program. The unique interactions between technolo-
gy, computation, and human learning combined over
time to make this approach powerful, sustainable, and
scalable in a way that was not possible in assessment
practices until the emergence of technology. These
interactions are crucial to understanding and developing
the emerging field of learning analytics since they also
raise significant challenges as well as opportunities.

Perhaps the most significant challenge is in the intrin-
sic transdisciplinarity of this approach and the need
for quality in three different fields — social science,
learning analytics, and practical pedagogy, the last
of which is highly complex and engages with many
forms of human rationalities and relationships. The
information explosion has changed forever the ways
in which humans relate to information and this adds
more complexity (Morin, 2008). These affordances
and challenges will be addressed in the next section.

Visual Representation of Data: Making

the Complex Meaningful

The presentation of a latent variable in data representing
how a person responds to a self-report questionnaire
about their learning power is complex. Learning pow-
er itself is described as “an embodied and relational
process through which we regulate the flow of energy
and information over time in the service of a purpose
of value” (Deakin Crick et al., 2015, p. 114). For data to
be useful to the individual in this context, it needs to
be meaningful but sufficiently complex and open to
allow for interpretation and response in an authentic
context. The goal of learning power assessment is to
develop people as resilient agents able to respond and
adapt positively to risk, uncertainty, and challenge.
As Rutter (2012) argues, the meaning of experience
is what matters in resilience studies; resilience is an
interactive, “plastic” concept, a state of mind, rather
than an intelligence quotient or a temperament. Thus
the form in which data about a person’s resilient
agency is presented to them needs to be fit for this
purpose — sufficiently robust to be reliable and valid
in traditional terms but sufficiently open-ended and

flexible to be “recognized” and responded to in a
particular context. The visualization of the spider
diagram achieves this goal of being precise enough
whilst maintaining a representation of complexity,
plasticity, and provisionality. The absence of numbers
on the spider diagram is significant since in Western
culture a number is often interpreted as an “entity” and
not a “process” and can lead to a “fixed” rather than
“growth oriented” mindset (Dweck, 2000). Technology
makes the visualization of data more effective.

Afurther observation about the visualization of learn-
ing power data is that it connects with different ways
of knowing or different “deep seated anthropological
interests” (Habermas, 1973, 1989; Outhwaite, 1994).
Habermas describes these as “empirical analytical
interests,” “hermeneutical interests” and “emancipatory
interests.” Reflecting on “my learning power” begins
with a focus on learning identity — Is this like me?
Am I this sort of learner? What is my purpose? How
do I want to change? These questions connect with
emancipatory rationality, or the drive for “autonomy”
(Deci & Ryan, 1985) and these forms of rationality
are simply not amenable to interpretation through
“standardization” since each human being is unique.
At best they may be represented through archetypes
(Jacobi, 1980).

Image: Metaphor and Story as Carriers of
Data

A ubiquitous finding from the studies has been the
use of metaphor, story, and image to communicate
the meaning of the learning power dimensions and to
enable communal dialogue and sense-making. Most
notable was the creation of a community story over
a year in an Australian Indigenous community. The
story was co-constructed with key characters as
(sacred) animals that the community had chosen to
represent each learning power dimension (latent
variable) that they encountered via the learning an-
alytic. The animals locked in Taronga Zoo combined
their learning powers to plan a breakout. The story
articulated the community’s unique cultural history
of oppression whilst opening up opportunities for
engaging in forms of 21s*-century learning as equals
in a new paradigm (Goodson & Deakin Crick, 2009;
Deakin Crick & Grushka, 2010; Grushka, 2009). Figure
25.3 is an example of one of the graphics represented
and used in that context: a representation of a wedge-
tailed eagle, which was one of the outcomes of months
of community dialogue and debate, before being fi-
nally ratified by the local elders. A detailed discussion
of this project is beyond the scope of this chapter. The
point is that community sense-making, aligned with
technology and dispositional analytics, can be repre-
sented by images or visualizations, which are locally
empowering because they connect with deeper forms
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of narrative and tradition. Thus they enable educators
to engage profitably and meaningfully — and in a
time-relevant manner — with the “perezhivanie” — the
lived experiences of communities (John-Steiner, 2000;
John-Steiner, Panofsky, & Smith, 1994).

Figure. 25.3. A visual graphic representing “strategic
awareness.”
© Black Butterfly Designs

One Data Point and Different Ways of
Knowing

An individual produces a learning power self-assess-
ment survey with rapid feedback designed to stimulate
self-directed change. The emancipatory rationality
for reflection on self and identity required will often
take the form of narrative: it’s unique, polyvalent,
time bound, and “open-ended” (Brueggemann, 1982).
When that individual uses the same data to develop a
strategy for moving forwards and achieving a learning
purpose, then they are likely to be using “interpretive
rationality” or, in Habermasian terms, “hermeneutical
rationality.” They will be reflecting on a goal and making
judgments about the best way to achieve it, collating
qualitative data, collaborating with others and drawing
on existing funds of knowledge. If they then develop
a “measurement model” so that they are able to judge
whether they have achieved their purpose, then they
will use empirical /strategic rationality — using ana-
lytical, means-end logic to determine whether they
have succeeded in their purpose.

Thus one useful data point can be apprehended through
different rationalities or ways of knowing when it is
harnessed to a personal or social purpose. When data is
aggregated and anonymized, teachers or facilitators can
evaluate and analyze the data quantitatively to assess
whether their pedagogy is achieving its purpose, and
interpret their findings in order to improve and adjust
what they do. Here the same forms of rationality are
in operation at an organizational level but the focus
shifts to hermeneutical and strategic rationality in
the service of a shared purpose. The data is used for
leadership decision making. At a systems level, when
the same accumulated data is analyzed in a way that
is abstracted from context, then the modus operandi
is predominantly strategic/analytical rationality.
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Rapid Feedback at Multiple Levels: Criti-
cal for Ownership and Improvement
Technology enables easy collection, automatic com-
putation, and rapid feedback of survey data to users
at different levels in organizations. Where an orga-
nization enables self-managing teams to operate in
pursuit of shared organizational purpose (Laloux, 2015)
then rapid feedback of data that informs both process
and outcome is a crucial resource. For example, in
a learning organization such as a school or college,
a shared purpose is that students develop lifelong
learning competences. In this case, CLARA data can
be owned and used for improvement by students
themselves, by teachers who want to evaluate how
effectively their pedagogy is producing lifelong learning
competences, by leaders in making decisions about
overall college policy in relation to these outcomes,
and by researchers who explore and analyze the data
to produce new knowledge. Two aspects of this are
important: first the rapid feedback and second the
sense of ownership of data and professionalism that
the feedback affords and requires. A time lag is no
longer necessary between data collection, analysis,
and feedback of survey data. Historically such time lags
often meant that feedback arrived too late to change
practice in the context in which data was collected.
From a practitioner’s perspective, the research was
“done to them” rather than owned and responded to by
them. Closing this lifecycle gap between research and
practice is a critical task to which learning analytics
makes a significant contribution.

Top Down or Bottom Up?

Related to this is the sense of participation and own-
ership in improvement processes that this affords.
The authority to interpret the data is aligned with the
responsibility to respond to it and improve practice.
This has profound implications for societies in which
politically defined external regulatory frameworks
have become anachronistic and can often work against
quality, collaboration, evolution, and transformation.
Typically, such frameworks are produced by politi-
cians for accountability purposes and are based on
worldview assumptions rooted in the industrial era.
Put simply, they often measure the wrong things and
the purpose is political accountability and control. So
key questions are Who does this data belong to? and
Whose purposes are being served? Whilst there is a
strong argument for some top-down accountability in
learning systems — particularly where young people
and public finance are concerned - there is an equally
strong argument for empowerment and self-regulation at
micro (individual) and meso (organizational) levels. This
complexity is a key quality of self-organizing systems
that, by definition, require forms of professionalism
(commitment to purpose) that go beyond compliance

|PG 295




with external regulatory frameworks.

Understanding the system as a whole is a key to learn-
ing analytics aimed at improvement (Bryk, Gomez,
Grunrow, & LeMahieu, 2015; Bryk, Gomez, & Grunow,
2011; Bryk, Sebring, Allensworth, Luppescu, & Easton,
2010). Borrowing from the world of systems thinking
in Health and Industry (Checkland, 1999; Checkland &
Scholes, 1999; Snowden & Boone, 2007; Sillitto, 2015)
the rigorous analysis of a system leads to the identi-
fication of improvement aims and shared purpose —
the boundaries of the system are aligned around its
purpose (Blockley, 2010; Blockley & Godfrey, 2000; Cui
& Blockley, 1990). Thus an alignment around purpose
at all levels in a system will both require and enable
data to be owned at all levels by those responsible
for making the change and using data for actionable
insights (see Figure 25.4). The power, or the authorship,
of decision-making is both inclusive and participatory.
Technical systems and analytics need to reflect this.

Practical Data: Fitness for Purpose

A key issue in learning analytics has to do with the
reliability and validity of data, particularly when it is
used to judge quality of performance and /or process
in authentic contexts. More than ever, quality is an
ethical issue. Does this self-assessment tool measure
what it purports to measure? Who has the authority
to interpret the results? As Yeager et al. (2013) argue,
“conducting improvement research requires thinking
about the properties of measures that allow an organi-
zation to learn in and through practice” (p. 9). They go
on to identify three different types of measures that
serve three different purposes: 1) for accountability, 2)
for theory development, and 3) for improvement. They
characterize the latter as practical measures that may
measure intermediary targets, framed in a language

Alignment of purpose for individuals, teams, leaders and organisations
-

Organization

targeted to specific units of change, contextualized
around common experiences and engineered to be
embedded in everyday practice. Practical measures
may be used for assessing change, for predictive
analysis, and for priority setting.

The focus of these practical measures for Yeager and
colleagues (2013) is on their use in change programs in
organizations led by improvement teams or leadership
groups. However, an additional purpose of practical
measures is to stimulate ownership, awareness, and
responsibility for change on the part of individual users.
Practical measures present a theoretical challenge for
psychometricians in terms of the need for new summary
statistics that contribute to quality assurance where
historically much theoretical development has been
focused on measures for accountability and theory
development, such as internal consistency, reliability,
and validity. This issue of authority and responsibility
is crucial and one response is to apply a “fitness for
purpose” criterion. If the purpose of the measure is
to stimulate individual awareness, ownership, and
change then the subject of that purpose must have
the authority to judge the validity and trustworthiness
of the measure since, when it comes to emancipatory
rationality and narrative data, the subject is a unique
self-organizing system. If the purpose of the measure
were to provide government with a measure of suc-
cess of a policy then the professional community of
domain-specific statisticians would have the authority
to judge the reliability, validity, and therefore trust-
worthiness of the data. In both cases, the judgement
is about fitness for purpose.

For the emerging field of learning analytics — with its focus
on formative feedback for improvement for individuals,
teams, and organizations — these issues represent an

System/
industry

—— N,

-
-

Figure 25.4. Rapid feedback at four levels aligned to organizational purpose.
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important field for development. If an assessment tool
sold to an institution has no scientific rigour behind
it, then even the most sophisticated technology and
modes of delivery will not compensate. On the other
hand, an organization might want to serve a small
number of questions to its community via a tool such
as Blue Pulse' as a “sensor mechanism” randomized to
test the anonymized views of stakeholders about the
direction of particular organizational strategies. How
do they select the most useful items? What “weight
of evidence” do they ascribe to the subsequent data?

In the context of rapid social and technological
change, these issues are common. Tools designed for
accountability or theory development often have no
practical value and thus limited usefulness as learning
analytics, whilst tools designed to support practice and
improvement often have no theoretical or empirical
rigour. The social and moral challenge for learning
analytics is to combine and manage both.

TECHNICAL CHALLENGES

The focus of this chapter so far has been on one
particular dispositional learning analytic, CLARA,
and the issues this has raised. However, any survey
tool designed as a practical measure to provide rapid
feedback of data for improvement purposes will face
similar issues. This section focuses on some of the
technical challenges that have framed the experience
of the learning power assessment community through
successive iterations of technical platforms designed
to service the tool.

Survey Platforms

Perhaps because the popular understanding of
“surveys” is that they belong to the researchers who
administer them, it has been a challenge to build a
survey platform to capture data for use at different
levels in an organization. The purpose of the data
captured in learning analytics is for the subject first,
then the facilitator/teacher, then the organization,
and finally for researchers, whose brief is to research
the whole process or undertake blue skies research
on the resultant anonymized datasets. This is because
learning can only be done by the learner themselves
(Seely Brown & Thomas, 2009, 2010; Thomas & Seely
Brown, 2011). This turns the traditional research survey
platform on its head. The biggest challenge lies in data
protection and ethics and the need for the platform
to perform the following functions:

1. Know the identity of each user in order to provide
personalized feedback and save that identity for
matching with other variables.

2. Protectusers at higher “levels” in the organization

!www.eXplorance.com
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from the knowledge of the ID of each user whilst
matching teachers and students (or employees
and managers) where appropriate.

3. Harvest and store anonymized data for research
purposes across projects.

What is critical is the underlying data structure
that needs to link IDs with three types of variables:
demographic, grouping, and survey. Without this
flexible data structure, the opportunities presented
by learning analytics using self-report survey data
are severely limited.

Since 2002, learning power research and development
teams have prototyped six platforms. The current
solution is through a partnership with one of the
world’s leading survey providers, whose business
development strategy is aligned closely with the vision
for learning analytics to support the organizational
improvement cycle. The Surveys for Open Learning
Analytics (SOLA)? platform powered by eXplorance
Blue hosts research validated surveys and provides
feedback at four levels: for individual users to support
personal change; for team leaders to respond more
accurately to the learning needs of their groups; for
organizational leadership decision making and for
systems-wide analysis and research. Examples of
feedback at each level are presented in the Appendices.

Collaborative Business Models

This form of collaboration raises issues about the
“‘ownership” of the model amongst the stakeholders
who have an interest in it and the management of
intellectual property. These include researchers,
practitioners, policy makers, and business — both the
“education and training” business and the “technology”
business. Developing platforms capable of realizing
the potential of learning analytics requires business
models capable of supporting collaboration, evolution,
and innovation and meeting the needs of diverse
stakeholders. The interests of different parties have
to be balanced in a way that serves the common good,
rather than permitting, say, commercial interests to
“colonize” research interests, or practitioner interests
to “colonize” technical interests. A key factor is the
typical lifecycle needs of these differing stakeholders
that have to be understood and “harmonized” in order
for each to benefit over time.?

Identity Management

ID management is a key factor for the learning ana-
lytics included in wider virtual ecologies for learning.
The challenges of ID management are fundamentally

2 www.learningemergence.com

* The Learning Emergence network that crowd-sourced the funds
for the SOLA platform formed a Limited Liability Partnership in the
UK as a vehicle to provide this level of flexibility, linking research,
enterprise, and practice around the world: www.learningemer-
gence.com
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ethical in nature — protecting individuals’ personal
data, providing feedback that is personal and sup-
ported in appropriate ways through coaching and
learning relationships where needed whilst enabling
stakeholders at different levels in the system to access
anonymized data where they have permission and to
match datasets where that is required by research, so
as to explore the patterns and relationships between
variables in complex learning infrastructures.

Apart from surveys, many tools are learning analytics
in the sense that they provide formative feedback for
individuals to support their learning in some way. For
example, the Assessment of Writing Analytics being
developed by (Selvin & Buckingham Shum, 2014) or
the iDapt* tool for reflexive understanding of an in-
dividual's mental models that shape their approach
to their professional task (Goldspink & Foster, 2013).
The former is a way of critiquing and supporting in-
dividuals in developing academic argumentation as a
part of their knowledge generation whilst the latter
addresses issues of identity and purpose through
repertory grid analysis (Kelly, 1963). These are both
critical aspects of learning journeys whose focus is on
feedback for awareness, ownership, and responsibility
for the process of learning on the part of the individual.

LEARNING ANALYTICS AND
LEARNING JOURNEYS

Using learning analytics to stimulate change in learning
power inevitably invites questions about the wider
ecology of processes and relationships that can em-
power individuals to adapt profitably to new learning
opportunities. This is particularly important in au-
thentic contexts where the outcome is rarely known
in advance. The metaphor of a “learning journey” was
adopted to reflect the complex dynamics of a learning
process that begins with forming a purpose and moves
iteratively towards an outcome or a performance of
some sort. Learning power enables the individual
or team to convert the energy of purpose into the
power to navigate the journey, to identify and select
the information, knowledge, and data they need to
work with to achieve that purpose (see Figure 25.5;
Deakin Crick, 2012). When an individual or a team
learns something without reflecting on the process of
learning at a meta-level, this is “single loop” learning.
Double loop learning is when the individual or team
is able “reflexively to step back” from the process and
learn how to learn with a view to improving the pro-
cess and doing it more effectively next time. They are
intentionally becoming more agile and responsive in
regulating the flow of information and data that they
need to achieve their purpose.

+www.inceptlabs.com.au

This framework provides a useful model through which
to understand the sort of learning infrastructure and
the analytics to support learning and improvement.
It provides a typology for learning analytics tuned to
support learning and, critically, to enable learners to
step back from the “job they are doing” to reflect at a
meta-level, to monitor, anticipate, respond, and learn
— in other words to engage in double loop learning
(Bateson, 1972; Bruno, 2015) as depicted in Figure 25.6.

Single Loop Learning Journey

\\ S — PR

\\\ FORMING GENERATING STRUCTURING \ PERFORMING
/' IDENTITY &  LEARNING

p ? )NFORMATION EVALUATING
"~ PURPOSE /~ POWER & ENERGY ZPURPOSE
/ ol /

Figure. 25.5. A single loop learning journey.

The Four Processes of a Learning Journey

A learning journey is a dynamic whole with distin-
guishable sub-processes. It has a natural lifecycle
and is collaborative as well as individual, personal as
well as public. Learning journeys happen all of the
time at different levels and stages. Learning is framed
by a purpose, an intention, or a desire that provides
the “lens” through which the individual or team can
identify and focus on the information that matters.
Articulating purpose is the first stage of the “meta
language” of learning. Without purpose, learning
lacks direction and discipline and it is difficult to se-
lect from a welter of data the information that really
matters. Developing personal learning power through
which to articulate a purpose and respond to data is
the second process. The third is the structuring and
re-structuring of information necessary to achieve the
particular purpose. The final process is the production
and evaluation of the product or performance that
achieves the original the purpose.

Alearning journey is an intentional process through
which individuals and teams regulate the flow of en-
ergy and information over time in order to achieve a
purpose of value. It is an embodied and relational pro-
cess, which can be aligned and integrated at all levels
in an organization, linking purpose with performance
and connecting the individual with the collective. The
learning power of individuals and teams converts
the potential energy of shared purpose into change
and facilitates the process of identifying, selecting,
collecting, curating, and constructing knowledge in
order to create value and achieve a shared outcome.
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Figure 25.6. Double loop learning journeys.

Learning Journeys as Learning
Infrastructure

It is no longer sensible or even possible to separate
the embodied and the virtual in learning. The future
is both intensely personal and intensely technological.
The challenge is to align social and personal learning
journeys with the sorts of technologies and learning
analytics that serve them and scaffold intentional
“double loop” learning.

A learning journey has a generic architecture: it has
stages that occur in a sequence, a start event, a fin-
ish event, and many transition events in between. It
covers a particular domain; it faces inwards as well as
outwards; it is framed by user need or purpose. It is
iterative and cumulative. It is focused on a stakeholder
or customer task and is ideally aligned to organizational
target outcomes. Each stage has many “next best ac-
tions” and interactions, framed by a meta-movement
between purpose and performance. Stakeholders use
personal learning power and knowledge structuring
tools to navigate their journey. Stages have transition
rules and interaction rules and stakeholders can be
on many journeys at the same time. A journey can be
collaborative or individual, simple or complex, high
value or low value. Journeys follow stakeholders across
whatever channels they choose and they are adaptive
to individual behaviour. They cover different territories
with domain-specific sets of knowledge and know-how
and they integrate knowing, doing, and being.

There are at least three distinct applications of these
ideas for learning analytics:

1. To frame the relational, social, and technical
learning infrastructure of an organization so
that individuals and teams become more agile,
responsive, and able to respond productively to
change and innovation

CHAPTER 25 LEARNING ANALYTICS: LAYERS, LOOPS, & PROCESSES IN VIRTUAL INFRASTRUCTURE

2. To design models that explore and explain stake-
holder behaviour — how students or customers
embody purpose, learning power, knowledge,
and performance in order to communicate more
accurately with stakeholder communities

3. To develop digital infrastructure to support
self-directed learning and behaviour change, at
scale, in particular domains — in other words,
mass education, across domains as defined and
embracing as, for example, climate change or
financial competence

Learning Infrastructure for Living Labs:
Learning Analytics for Learning Journeys
To be resourced at scale, learning journeys require a
network infrastructure that accesses information and
experience from a wide range of formal and informal
sources, inside and beyond the organization. The in-
dividual or team relates to all of these in identifying,
selecting, and curating what they need in terms of
1) information and data and 2) “how to go about it”
expertise for achieving their purpose. This network
infrastructure is part of a wider ecosystem with plat-
forms that scaffold these relationships drawing on
cloud technology, mobile technology, social learning
and curating, learning analytics for rapid feedback, “big
data” and badges — to name some key analytic genres.

There are strong synergies here with best practices
in real-time, omni-channel customer communication
management through the recognition that many cus-
tomer communication journeys are in fact learning
journeys. They also involve individuals in engaging
with information in order to achieve a purpose (Crick
& MacDonald, 2013).

Providing and servicing this learning infrastructure
is a specialist task that is arguably the purpose of a
“living lab” or a “network hub” in an improvement
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community. The network (social and organizational
relationships) and the ecosystem (technical resources
to scaffold these relationships) provide an infrastruc-
ture with permeable boundaries between research,
policy, practice, and commercial enterprise, facilitat-
ing engaged, trans-disciplinary, carefully structured
improvement prototypes. Such a “hub” is sometimes
described as a “living lab,” the purpose of which is to
integrate engaged, user-driven improvement research
with technology, professional learning, and the wider
research community. It provides, and researches,
core hub functions and expertise in partnership with
the enterprises needed to scale and deliver learning
services.

Supporting such a learning infrastructure requires
sustained attention to different types of expertise
and resource development, including the following:

e The personal and social relationships necessary
for facilitating and leading learning journeys
including storying, reflection, personal learning
power, and purposing

* The organizational arrangements that support
learning journeys as a modus operandi for im-
provement — such as rapid prototyping, coaching,
and agile learning cultures

* Thearchitecture of space (virtual and embodied)
within the relevant domain of service

*  Thetechnologies, tools, and analytics that support
the processes of learning journeys through rapid
feedback of personal and organizational data for
stimulating change, defining purpose, knowledge
structuring, and value management

e The virtual learning ecosystem that facilitates
and enhances participatory learning relationships
across the project/s at all levels — users, practi-
tioners, and researchers

Figure 25.7 presents a high-level design for such a
learning journey infrastructure.®

A Transition in Thinking

The idea of a learning journey is simple and intuitive.
The metaphor facilitates an understanding of learning
as a dynamic process; however, it does represent a fun-
damental transition in how we understand knowledge,
learning, identity, and value. Knowledge is no longer a
“stock” that we protect and deliver through relatively
fixed canons and genres; it is now a “flow” in which
we participate and generate new knowledge, drawing
on intuition and experience. Its genres are fluid and
institutional warrants are less valuable (Seeley Brown,
2015). Learning power is the way in which we regulate

° This high level learning journey infrastructure is derived from
customer journey architecture developed in the financial services
market by Decisioning Blueprints Ltd. www.decblue.com
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that flow of energy and information over time in the
service of a purpose of value — rather than a way of
receiving and remembering “fixed” knowledge from
experts. Millennial identity is found not in ownership
and control, but in creating, sharing, and “remixing” —
in agency, impact, and engagement. Value is generated
in the movement between purpose and performance.
Leadership is about learning our way forward together.

What Next?

A plethora of candidate tools and platforms use learning
analytics to optimize and support learning for indi-
viduals and to improve learning contexts. Tools that
address reflective writing (Simsek et al., 2015), sense
making , coaching, knowledge curation and sharing
(www.declara.com), harnessing collective intelligence
(Buckingham Shum, 2008; Buckingham Shum & De
Liddo, 2010; Buckingham Shum & Ferguson, 2010), and
leadership decision making (Barr 2014) to name a few.

The big challenge for 21st-century learning professionals
is understanding how these tools and platforms cohere
within alearning organization, a virtual collaboratory
or aliving lab, in which the focus is on the learning of a
whole community of interest, such as those concerned
with renewing a city’s infrastructure, or a geograph-
ical region, or wide domains of public concern such
as financial education or climate change. Many of the
ideas and learning analytics practices discussed here
have been developed and applied in different contexts
already. What is required next is a way of integrating
these ideas and practices in an authentic and ground-
ed context, focusing on how the whole fits and flows
together. This requires a business model for all stake-
holders that makes collaboration — not competition
— the modus operandi. It requires all stakeholders to
abandon “silos” in favour of networks, and be willing
to “learn a way forward together,” which inevitably
also means having permission to fail. In short, these
ideas form a starting point for the resourcing of a
living lab or network hub, supported by a partnership
of core providers constructing coherence from their
four contextual perspectives: research, industry, the
business world of “learning professionals,” and the
personal learning of all stakeholders.

CONCLUSION

This chapter has focused on some of the challeng-
es and opportunities of the use of technology and
computation for enhancing the processes of learning
and improvement — rather than only the outcomes.
Learning analytics and the affordances of technology
have become game-changers for sustainability for
organizations in a data-rich, rapidly changing world.
Learning analytics are designed to provide formative
feedback at multiple levels and these can be aggregated
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APPENDIX I
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CLARA Group Overview

Creation Date: 19 May 2016
Group Name: Class Room -4 A
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Assessment taken  Assessment taken
between 01-Jan-2016 between 08-Jan-2016
and 07-Jan-2016 and 25-Dec-2016

Sub-group size 40 40
Responses Received 39 25
Response rate a7% 52%

CLARA Group Overview for Class Room -4 A
Report Generated on 19 May 2016

13

CHAPTER 25 LEARNING ANALYTICS: LAYERS, LOOPS, & PROCESSES IN VIRTUAL INFRASTRUCTURE

| PG 305




The histograms below compare the score distribution in the first and second assessment in each

of the eight CLARA dimensions:
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This table below compares numerically the score distributions in the first and the second
assessment oh this group:

CLARA Dimension Assessment M Min. Max. Mean s.0.
i 1 30 1228 100.00 5377 2430
Belonging
2 25 0.00 69.18 41.32 1953
. 1 39 442 100.00 53.26 27.88
Collaboration
2 25 0.00 8558 4784 2301
L 1 39 26.22 100.00 5617 19.78
Creativity
2 25 0.00 7446 4229 1821
. 1 39 26.90 100.00 55.85 19.60
Curiosity
2 25 0.00 7448 4344 1814
. 1 39 13.72 100.00 5617 2473
Hope and Optimism
2 25 0.00 86.28 4930 2117
Mindful Agency 1 39 16.50 89 88 58.44 1916
2 25 0.00 7762 4490 1829
. . . 1 30 30.36 100.00 56.93 1893
Orientation to Learning
2 25 0.00 7944 44 84 1346
. 1 39 27.32 100.00 57.21 1913
Sense Making
2 25 0.00 76.06 50.85 17.38

1=Assessment taken between 01-Jan-2016 and 07-Jan-2016
2=Assessment taken between 08-Jan-2016 and 25-Dec-2016

M=Response Received

Min.= the lowest score reported

Max.= the highest score reported

3.D. = standard deviation of the score distribution
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