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Chapter 1
Adoption of Learning Analytics

David Gibson and Dirk Ifenthaler

1.1 Introduction

This book’s theme — Adoption of Learning Analytics in Higher Education Learning
and Teaching — brought to mind the seminal Diffusion of Innovations (Rogers,
1962), which for decades has shaped research on adoption of innovations. The
reader may be familiar with his notion that there are five kinds of people involved in
the diffusion of an innovation, innovators, early adopters, early majority, late major-
ity, and laggards, and that a ‘critical mass’ is needed for full, sustainable implemen-
tation of innovation. But Rogers went beyond the actors of adoption and also set a
larger context in which the innovation itself, communication channels, time and the
encompassing social system were also key determinants of whether and how an
innovation such as learning analytics would be adopted. Learning analytics is con-
sidered a creative innovation in learning and teaching for three reasons: novelty,
effectiveness and wholistic impacts. Learning analytics can produce novel near real-
time information to improve teaching decisions; it is proving to be an effective
method of abstracting and modelling meaning from information, and it contributes
to a more wholistic interpretation of data by expanding the number and types of
measures.

The still emerging field of learning analytics has introduced new frameworks,
methodological approaches and empirical investigations into educational research;
for example, novel methods in educational research include machine learning,
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network analyses and empirical approaches based on computational modelling
experiments. Learning analytics have been defined as the use of static and dynamic
information about learners and learning environments, assessing, eliciting and ana-
lysing it, for real-time modelling, prediction and optimization of learning processes,
learning environments as well as educational decision-making (Ifenthaler, 2015).
The new frameworks and adoption models focusing on learning analytics are
required for successful integration of learning analytics systems into higher educa-
tion institutions (Buckingham Shum & McKay, 2018; Dyckhoff, Zielke, Biiltmann,
Chatti, & Schroeder, 2012). However, these models of practice and adoption vary
across different institutions due to situational and historical conditions, within any
individual organization due to disciplinary and contextual idiosyncrasies and across
different countries due to these as well as cultural differences (Klasen & Ifenthaler,
2019; Schumacher, Klasen, & Ifenthaler, 2019).

In the next sections, we briefly review Rogers’ model; those who are familiar
with it may wish to skip to the discussion of examples, which will draw from our
recent research and development activities. We also outline specific tactical applica-
tions where the adoption of learning analytics can add value to higher education,
and we illustrate the cross-over between diffusion of learning analytics as an inno-
vation and tactics developing within five major domains of higher education prac-
tice (marketing and recruitment, learner characteristics, curriculum, teaching and
post-graduate community and communications) with examples from our and oth-
ers’ research.

1.2 Innovation Diffusion

1.2.1 Six Characteristics of an Innovation

Six characteristics of an innovation, according to Rogers (1962), include the (1)
relative advantage compared to current tools and procedures, (2) compatibility with
the pre-existing system, (3) complexity or difficulty to learn, (4) trialability or test-
ability, (5) potential for reinvention and use for unintended purposes and (6)
observed effects (see Table 1.1). If we establish an indicator scale from low to high
(or little to ample) for each of these characteristics, we can imagine a minimum of
276 or 64 innovation configurations, as outlined in Table 1.1. This is surely a frac-
tion of the myriad ways that learning analytics is actually evolving in higher educa-
tion today, but perhaps offers a set of sufficiently unique categories to describe a
range from ‘little adoption’ to ‘full implementation’ of the benefits of learning
analytics.

Researchers might use these six characteristics of an innovation to reflect on the
degree and extent of adoption of learning analytics in a higher education setting. For
example, if the relative advantage of some innovation is high and the remaining five
characteristics are all low, the innovation might still be deemed worth piloting for
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Table 1.1 Six characteristics of an innovation

Characteristics

Low

High

Relative advantage
compared to current tools
or procedures

Little to no advantages

Large and evident advantages

Compatibility with the
pre-existing system

Incompatible, does not
integrate or requires significant
reworking of the existing
system

Highly compatible, works within
or alongside the existing system,
does not require significant
reworking

Complexity or difficulty
to learn

Simple to understand, easy to
learn and apply

Complex or complicated, hard to
learn and apply

Trialability or testability

Is difficult or costly to test or
trial, trials do not result in
definitive added value

Is easy or not costly to trial.
Results from trials show definitive
added value

Potential for reinvention
and use for unintended

Innovation is limited in scope
of application

Innovation is flexible and can be
applied to many varying cases.

purposes
Observed effects

Insignificant or limited effects | Significant and meaningful effects

adoption. The difficulties of overcoming the shortcomings of incompatibility with
current systems, complexity, costliness and limited effects might be worth the effort,
if the relative advantage is a matter of survival of the institution. In general, if the
innovation has more high than low indicators, then it is easier and more worthwhile
to adopt. The one indicator that seems to buck the trend is complexity, where at the
low end, if easy to learn and simple to understand, it might be too simplistic and
broad to be deeply helpful, as pointed out by researchers who have noted the issue
of complexity as a challenge for leaders of analytics adoption (Dawson, Poquet,
Colvin, Rogers, & Gasevi¢, 2018; Gibson, 2012; Tsai, Poquet, Gasevi¢, Dawson, &
Pardo, 2019). In the context of Rogers’ (1962) six characteristics, the degree and
details of engagement by key actors can measure or characterize the diffusion of the
innovation in some higher education context.

Other authors in this book point to the potential benefits of adopting learning
analytics; to these we add that learning analytics has potential to disrupt and trans-
form higher education learning and teaching across five major domains of higher
educational practice: (1) acquiring students, (2) promoting learning, (3) offering
timely relevant content, (4) using up-to-date delivery methods and (5) supporting
learners as part of a network of successful alumni who continue to positively impact
the world (Henry, Gibson, Flodin, & Ifenthaler, 2018; Mah, Yau, & Ifenthaler,
2019). Considering these domains of higher education practice in the sections to
follow, we will outline 15 tactics that can influence the 5 domains, followed by case
examples.

While requiring significant effort, bringing more people into better understand-
ing of the complexities of the diffusion of learning analytics in higher education
helps create conditions for a wider and deeper array of insights and more effective
group and institutional responses, as noted by Rogers (1962). We will illustrate the
innovation characteristics and specific tactics using some recent studies we have
conducted or encountered.
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1.2.2 Communication Channels

The degree of adoption of an innovation within an organization is a measure of the
number of actors using the innovation or who have altered their practice because of
the innovation. The process of the diffusion requires communication channels
between potential actors, who then follow a well-known decision-making process
(i.e. moving from unawareness to knowledge, then being persuaded that learning
more will be beneficial, then trying out the change, then moving into routine imple-
mentation and finally creating confirmatory data and helping others) as the actors
individually adopt or ignore the innovation. Influencers who wish to promote the
adoption of the innovation must ensure and secure open communication channels
and encourage people to start and stay on the journey of decision-making from
awareness to action.

The ‘Concerns-Based Adoption Model’ (CBAM) emerged in the 1970s with sur-
vey metrics to help an educational organization self-assess its status on an innova-
tion journey (Hall, 1974; Hall, Loucks, Rutherford, & Newlove, 1975). The tools
track the percentage of staff who are sitting at each stage of the journey and offer a
structured way to address the ‘next need’ of each group by focusing on moving
people from their current state to the next decision-making focus. For example, if a
large number of people do not know the benefits of learning analytics, the task is to
first make them aware and have them develop knowledge, before they can become
persuaded that adoption has any potential to make their life better. If a few early
adopters are already implementing and providing confirmatory data, their ability to
effectively model for others will be limited to the people who are already ready to
decide to adopt. Communication channels are the riverbeds for the flow of energies
from unawareness to action (Kotter, 2007). It goes without saying that the process
takes time, so leaders who wish to influence and track adoption of learning analytics
have to be ready to understand the processes and have patience — take the time
needed — to allow the communication channels to work (Roll & Ifenthaler, 2017).

1.2.3 Encompassing Social Systems

The dynamics of communications that support the flow of adoption processes are
part of the complex social networks in the encompassing social system contexts
involved in higher education (Kozleski, Gibson, & Hynds, 2012). Learning analyt-
ics researchers are beginning to take note. As recently pointed out (Dawson et al.,
2018), the existing conceptual models of the adoption of learning analytics in higher
education fail to operationalize how key dimensions interact to inform the realities
of the implementation process, leading to a need to rethink learning analytics adop-
tion through complexity leadership theory and to develop systems understanding at
leadership levels to enable the movement of boutique analytics projects into the
enterprise. Among the issues in the encompassing social systems of higher educa-
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tion, learning analytics adoption often faces a shortage of resources, barriers involv-
ing multiple stakeholder buy-in and the fears and paranoia of big data ethics as well
as privacy concerns (Ifenthaler, 2017; Ifenthaler & Schumacher, 2016). Addressing
these challenges requires agile leaders who are responsive to pressures in the envi-
ronment, capable of managing conflicts and are capable of leveraging complex
social systems for change (Gibson, 2000; Tsai et al., 2019).

Network analysis has emerged as one of the most promising methods for study-
ing the complexities of social influence, layered hierarchies and the evolution of
relationships. Network methods can be used (1) to define the spread and variety of
behaviours, (2) to predict the pattern of diffusion of innovations, (3) for analysis of
educational phenomena (Clariana, 2010; Ifenthaler, 2010; Ifenthaler, Gibson, &
Dobozy, 2018), and (4) to identify opinion leaders and followers in order to better
understand flows of information (Lazega, 2003). In the context of learning analyt-
ics, epistemic network analysis is of particular note (Gasevi¢, Joksimovi¢, Eagan, &
Shaffer, 2019).

1.2.4 Summary of Innovation Diffusion

In summary, the diffusion of learning analytics in higher education is expected to
involve:

* Actors. Levels of readiness of individuals and the emergent property that is the
combined readiness of the social group of which those individuals are members

* Innovation Configuration. Six characteristics of learning analytics adoption as
perceived by the individuals responsible for the innovation ((1) relative advan-
tage compared to current tools and procedures, (2) compatibility with the pre-
existing system, (3) complexity or difficulty to learn, (4) trialability or testability,
(5) potential for reinvention and use for unintended purposes and (6) observed
effects)

e Communications. Channel characteristics among the individuals and their social
groups

e Complexity Leadership. Flexibility in the face of dynamic overlapping
networks

1.3 Improving Higher Education with the Adoption
of Learning Analytics

The five major domains of higher education practice, where adoption of learning
analytics can improve both learning and educational organization, are as follows:
(1) acquiring students, (2) promoting learning, (3) offering timely relevant content,
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(4) using up-to-date delivery methods and (5) supporting learners as part of a net-
work of successful alumni who continue to positively impact the world (Henry
etal., 2018). In the sections below, we suggest 3 tactical areas for each domain — 15
tactical areas to consider when planning, undertaking or gauging the extent of adop-
tion and influence of learning analytics in a higher education institution.

1.3.1 Acquiring Students

Market Understanding An analytics capability can generate profiles of in-demand
skills in the market, track education trends and help the curriculum react accord-
ingly by offering learning experiences and certifications that are sought by employ-
ers and entrepreneurs. For example, an analytics team can monitor and report on
skills needs straight from a primary source such as highly dynamic job advertise-
ments, using open source tools such as RapidMiner and R to gain insights from
accessible online vacancy data (Berg, Branka, & Kismihok, 2018; Wowczko, 2015).

Personalized Recommendations Student and market information can be used to
aid course selection and align student expectations. A recent innovation at one uni-
versity found that some students mistakenly sign up for classes that informally
require prior knowledge from earlier in the curriculum. With better automated guid-
ance, the university could save time and frustration and improve retention with
analytics-driven recommendations (Parkin, Huband, Gibson, & Ifenthaler, 2018).
Students could also find out the likelihood of employability for their current skill set
and explore prospects for the future in their selected areas of study by an analytics-
driven approach that combines market understanding with personalized recommen-
dations (Berg et al., 2018).

Community Engagement Analytics-driven market knowledge can be reflected in
the outward-facing marketing and community engagement of the university, but
perhaps more important may be the engagement of the public in developing policy
that impacts higher education. ‘Policy analytics’ has been suggested as an emergent
use of computational approaches to understanding and dealing with five major com-
plexities inherent to public decision-making: use of public resources, multiple
stakeholders, long time horizon, legitimacy and accountability and public delibera-
tion (Tsoukias, Montibeller, Lucertini, & Belton, 2013).

1.3.2 Promoting Learning

Adaptive Support With full implementation of learning analytics, learning services
can use interaction history to learn and become tailored to individual learning dif-
ferences and preferences. This adaptive capacity, automated and available at scale,
is a key mechanism of one of the primary benefits (and part of the puzzle of the
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emerging field) of the adoption of learning analytics — personalization of delivery
(GaSevi¢, Kovanovi¢, & Joksimovi¢, 2017; Ifenthaler & Widanapathirana, 2014;
Schumacher & Ifenthaler, 2018). Model-based feedback that focuses on novice-to-
expert differences can guide the adaptation of support (Ifenthaler, 2009, 2011).

Proactive Retention Management As many researchers are finding, students with
high attrition risk can be identified early and receive targeted preventative interven-
tions (de Freitas et al., 2015; Gibson, Huband, Ifenthaler, & Parkin, 2018; Glick
etal., 2019; Ifenthaler, Mah, & Yau, 2019). Proactive retention is a prominent theme
in the literature because it balances benefits to both learners and the educational
system; for learners, it highlights that analytics can support decisions and develop
human capabilities and at the same time can underpin organizational and educa-
tional efficiencies by saving time and money.

Personalized Communication With appropriate adoption of learning analytics,
learning materials can be targeted to communicate with students based on learning
characteristics, level of attainment and aspirations for achievement. Recent advances
in analytics-driven applications include using network analysis to understand social
and cognitive relationships in learning (GasSevi¢ et al., 2019) and creating conversa-
tional agents to enhance learning and the educational journey through higher educa-
tion (Arthars et al., 2019).

1.3.3 Offering Timely Relevant Content

Adaptive Curriculum When the adoption level for learning analytics is high, cur-
ricula can be made dynamic, adapting in real time to employability needs, changes
in global knowledge stores and student cognitive needs that are complementary to
the personal learning process needs targeted by adaptive learning support, as well as
to changing circumstances in the external environment. Systems can be designed
around the semantic relationships of topic and subtopics (Li & Huang, 2006) as well
as by using similarity measures among learning objects in relationship to decision
modelling based on learner characteristics (Ifenthaler, Gibson, & Dobozy, 2018;
Lockyer, Heathcote, & Dawson, 2013).

Scalable Delivery At advanced stages of adoption of learning analytics, which
includes using machine learning methods to continuously discover, infer and feed
information to adaptive curriculum and learning support systems, technologies
using learning analytics can deliver content to all students and staff in a more par-
ticipatory mode that allow ‘scalable pedagogies’ such as near-real time feedback
and decision supports (Hickey, Kelley, & Shen, 2014).

Industry Integration Curricula in an analytics-driven system are designed to
deliver in-demand competencies and support relevant work place learning, for
example, via ‘challenge-based collaborative problem-solving’ (Gibson & Ifenthaler,
2018; Gibson, Irving, & Scott, 2018; Ifenthaler & Gibson, 2019).
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1.3.4 Delivery Methods

World-Leading Pedagogy Analytical research into student cognition and teaching
methods is used to define the higher education institution’s practices and drive stu-
dent self-awareness, in institutions with a high level of adoption. Signposts of the
integration of analytics into teaching and the growth of the field can be found in the
rapidly accumulating literature engendered by the Society for Learning Analytics
Research (Gasevic et al., 2017).

Adaptive Assessment In analytics-driven higher education environments, evidence
of learning is measured continuously, allowing targeted, dynamic assessment that
adapts to changing conditions and needs (Gibson & Webb, 2015; Gibson, Webb, &
Ifenthaler, 2019; Ifenthaler, Greiff, & Gibson, 2018; Webb & Ifenthaler, 2018).

Managed Outcomes Framework With widespread adoption of learning analytics,
students can be assessed against a granular framework, allowing for and supporting
an iterative and formative approach to learning and recognition of micro-credentials
(Mah, 2016; Mah, Bellin-Mularski, & Ifenthaler, 2016; Mah & Ifenthaler, 2019;
West & Lockley, 2016).

1.3.5 Supporting Alumni Networks

Strategic Employment Similar to acquiring students with intensified and dynamic
market analysis, an analytics-driven strategic employment strategy can utilize a
unique assessment framework that assists students to find, prepare for and secure
positions with high prestige employers. In one successful massively open online
course at Curtin University, an Indian technology company guarantees a job inter-
view for anyone who obtains a certificate from the experience.

Alumni and Lifelong Learning Communication Alumni and recurring learners
can be engaged through better information on market and industry trends and via
targeted and flexible opportunities for further study (Norris, Baer, Leonard, Pugliese,
& Lefrere, 2008).

Targeted Recruitment into Research Engagement in needed research areas can be
developed from better analysis of history, current status and more finely detailed
student competency profiles that fit with and extend the skills of researchers. Finding
and developing talent, driving fact-based planning, making decisions, executing on
strategy, managing tactics, measuring and both eliciting and validating learning are
all within the boundary of adoption of learning analytics and related disciplines
(Berg et al., 2018; Kiron & Shockley, 2011).
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1.3.6 Cases

In the following two Cases, we illustrate the six features and five domains with
examples and findings from our research and development efforts. The examples
provided here give a taste for the application of the six features of innovation across
the five major domains of higher education practice.

1.3.6.1 Analytics Teams in Business Units of a University

The first case is from a large university in Australia where executive interest and
awareness of learning analytics has been growing since a pilot study in 2010. A
senior executive briefing paper was then produced in 2013 by the strategy and plan-
ning group and brought to the senior executives, outlining some of the issues and
opportunities of learning analytics, leading to increased awareness of applying
learning analytics and resulting in the 15 tactics outlined in Sects. 1.3.1, 1.3.2, 1.3.3,
1.3.4 and 1.3.5. Since then, analytics teams have been springing up across the cam-
pus and now reside in operations areas such as recruitment, marketing and finance;
in service delivery areas such as teaching; and in research areas devoted to increas-
ing the university’s computational capabilities.

Beginning in 2010, the pilot study showed that behaviours of students in a school
of business could be grouped together to better understand the drivers of retention
(Deloitte, 2010). The resulting model, termed the Student Discovery Model (SDM),
utilized a self-organizing map methodology (Kohonen, 1990) to create clusters of
behaviours that helped analysts discover new relationships, raise additional research
questions and test assumptions and hypotheses. The effort was extended in 2013 to
the largest domestic campus of the university. This involved creating clusters among
52,000 students over a 5-year period (Gibson & de Freitas, 2016) drawing at the
time from 15 data systems (e.g. finance, student records, learning management sys-
tem) and was used to conduct initial exploration of hypotheses as well as to identify
correlations that warranted deeper analysis.

In 2015, a project in predictive analytics used machine learning (Chai & Gibson,
2015) to help make the case for the return on investment of building the university’s
capability in student retention. An investment in data architecture simultaneously
established how the new exploratory analytics would interact with managed data
systems of the university. A data scientist was hired in 2016 to lead the analytics
group in learning and teaching, and that team has grown to three people. The theme
of return on investment led to a second paper (Gibson, Huband, et al., 2018) that
focused on the capability developed and methods underpinning continuous on-
demand production of analyses and insights aimed to stimulate inquiry and action
to improve retention. Data analysts have also been added in student services, recruit-
ment, finance and elsewhere. These groups have not yet been brought together into
an ongoing community of practice and typically pursue their own agendas with
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Table 1.2 Adoption profile of analytics teams in business units of a university in Case 1

Actors 1. Innovators 1. Data scientists, data analysts
2. Early adopters 2. Faculty level leaders, central learning
3. Early majority and teaching staff, senior executives
4. Late majority
5. Laggards
Innovation 1. Relative advantage 1. High (new BI insights)
configuration 2. Compatibility 2. High (skilled people)
3. Complexity 3. High (knowledge gap high)
4. Testability 4. Low (no way to compare)
5. Reinvention potential 5. Low (isolated teams)
6. Observed effects 6. High (significant effects)

Communications | Teams communicate primarily within rather than across the university.
Informal communications are used as needed to solve local problems.
There is as of yet no formal structure of communications among or
integrating any of the teams

Complexity University leadership has recently signalled that the central learning and
leadership teaching area is the entity now charged with learning and academic
analytics. Leadership of all analytics is distributed, and separate teams
work independently from each other without coordination to impact on
other aspects of the student experience (e.g. recruitment, admissions,
student life, finance, academic records, alumni networks)

different toolsets, varied levels of accessibility to university data, supported by
informal working relationships among the groups.

Analysing the case story briefly with Rogers’ (1962) framework, in Table 1.2,
one can see that the stage of adoption at the university is prior to ‘early majority” —
meaning that adoption is limited to a few innovators and early adopters. A dash-
board capability for instructors is being introduced now and may help lead to an
early majority of people using some form of learning and academic analytics to
make decisions.

1.3.6.2 Adoption of Learning Analytics in Challenge-Based Learning
Design

The second case illustrates how designers of challenge-based learning experiences
have been building capability for adopting a data-driven approach to the design of
scalable learning experiences. Challenge-based learning is a teaching model that
incorporates aspects of collaborative problem-based learning, project-based learn-
ing and contextual teaching and learning while focusing on current real-world prob-
lems (Ifenthaler & Gibson, 2019; Johnson, Smith, Smythe, & Varon, 2009). The
approach is particularly well-suited to industry integration and to extending formal
learning into the community and world.

A digital learning experience platform — Challenge platform — has been devel-
oped to study the detailed time-sensitive user trails of interactions between a learner



1 Adoption of Learning Analytics 13

and content and among groups of learners collaborating to solve problems (Gibson,
Irving, & Scott, 2018). The platform supports self-directed learning at scale with
automated feedback and assessment in real time, at the point of learning. It pro-
motes active engagement to enable deeper learning, evidence of which is captured
via fine-grained data collection by a learning analytics engine. Challenge has the
capability, for example, to identify and track who does what during team work to
promote individual responsibility among participants. It can also engage students in
peer feedback, supporting development of critical thinking and reflection skills, as
team members work toward solving a wide variety of challenges.

Studies of the platform have focused on the dynamics and impacts of learning
engagement as a multidimensional concept. This includes an individual’s ability to
behaviourally, cognitively, emotionally and motivationally engage in an ongoing
learning process. Results indicate that engagement is positively related to learning
performance (Ifenthaler, Gibson, & Zheng, 2018) and that team learning processes
can be studied and related to performance using network analyses (Kerrigan, Feng,
Vuthaluru, Ifenthaler, & Gibson, 2019; Vuthaluru, Feng, Kerrigan, Ifenthaler, &
Gibson, 2019).

The innovating actors in this second case are application developers who are also
researching the impacts of the innovation and advocating for others in the university
to use the application to promote collaborative problem-solving and group projects
in classes. Early adopters of the innovation have been a handful of individual
instructors (e.g. one instructor in architecture, another in business and law) and
student services units (e.g. the career counselling service centre). Currently, one
faculty area has committed to widespread adoption the application in 2020, so the
number of early adopters is expected to increase (Table 1.3).

Table 1.3 Adoption profile of analytics in challenge-based learning in Case 2

Actors 1. Innovators 1. Application developers, data analysts
2. Early adopters 2. Individual instructors; business and law
3. Early majority faculty
4. Late majority 3. Student services content delivery
5. Laggards
Innovation 1. Relative advantage 1. High (collaborative learning improved)
configuration 2. Compatibility 2. High (capstone projects supported)
3. Complexity 3. High (easy authoring)
4. Testability 4. High (research on learning and teaching)
5. Reinvention potential 5. High (team learning innovations)
6. Observed effects 6. High (significant effects)

Communications | The current challenge is how to share the opportunity and help people to
use the platform, including how to interpret and utilize the learning
analytics information

Complexity A group with the central learning and teaching unit is managing the
leadership infrastructure, budget, staffing and software development




14 D. Gibson and D. Ifenthaler

The innovation configuration profile in the second case is assessed to be primar-
ily high. New collaborative learning knowledge is being published and is leading to
new embeddings of automated analyses such as the cognitive and educational ben-
efits of the challenge-based approach.

1.4 Discussion and Outlook

There are many different ways to improve higher education through learning analyt-
ics, and institutions are most likely to develop unique innovation configuration pro-
files based on their current circumstances, histories and priorities. Importantly,
understanding an institution’s learning analytics adoption profile needs to be framed
with specific knowledge of the particular aspects of learning analytics applied to
tactics such as those outlined in Sects. 1.3.1, 1.3.2, 1.3.3, 1.3.4 and 1.3.5. For exam-
ple, an institution might be in an early stage in alumni relations while highly
advanced in recruitment or adapting the curriculum. In addition, for an institution to
be adopting learning analytics at scale does not necessarily mean covering all the
aspects mentioned in the previous sections. Institutions will set priorities and may
decide to make progress on only a subset of the possibilities.

The two cases discussed briefly above lead to observations about three user roles:
(1) informal educators, those who provide student services and extension programs
outside of the formal curriculum, who seek ways to go to scale; (2) formal educators
who instruct classes and are interested in seeing the impacts of learning analytics on
team-based classroom and curriculum projects; and (3) data and information sci-
ence experts without a background in traditional instructional design who are help-
ing people in roles 1 and 2 to create new digital learning experiences on the
Challenge platform. Table 1.4 utilizes the Rogers (1962) framework to compare
observations across these user role groups.

In one university, informal educators using analytics to drive design and deploy-
ment are about 2 years ahead of the formal educators and the experts. Formal
instructors heard about the analytics and, as innovators, wanted to see if they could
benefit. In one school setting, the success of the pilot innovator teacher has led to
three other early adopters. Experts were added to the platform support team to con-
tinuously drive new innovations based on data analytics, so are considered innova-
tors. Most striking in the comparison of informal with formal educators is that the
former have built a team approach and have more of a strategic vision based in
observed effects such as highly efficient scalability and the reinvention potential.
This has led the team to significantly expand to impact nearly all students of the
University. The formal educators, in contrast, work alone in their classrooms and
have not had opportunities yet to write conference papers, conduct localized
research or influence others in their fields of knowledge.
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Table 1.4 Comparing user roles in higher education adoption of learning analytics

Informal Formal Experts
Actors 1. Innovators | 1. Two 1. Two 1. Two
2. Early 2.n/a 2. Two
adopters 3. Four
3. Early
majority
4. Late
majority
5. Laggards
Innovation 1. Relative 1. High 1. Low 1. High
configuration advantage 2. High 2. High 2. High
2. 3. Low 3. Low 3. High
Compatibility |4. High 4. High 4. High
3. Complexity | 5. High 5. Low 5. High
4. Testability | 6. High 6. Low 6. High
5. Reinvention
potential
6. Observed
effects
Communications Within team and 1:1 with experts; | Small team
bilateral with no community of | communicates with
experts; small practice has all users, plus
community of emerged external
practice within the researchers;
team community of
practice is
international
Complexity Relative advantages | Time-poor and Highly adaptable to
leadership outweigh other focused on other users,
considerations; pragmatic balancing time

commitment to
innovation has led
to team
development

operations rather
than theoretic
advances;
individual
instructors are
‘on their own’

between helping
others and creating
insights from data

Use of analytics across these three groups varies in this instance. The informal
team uses analytics to determine effectiveness of the structure of their offerings as
well as the extent of implementation, for example, counting the number of ‘compli-
ance’ experience expected to reach masses. In contrast, the formal educators are
loners within their faculty areas, who are interested in innovation in their own teach-
ing. They use the analytics to understand team problem-solving and especially indi-
vidual contribution to team products in projects where in the past they had no
visibility. Their observations about impacts on student learning are limited to one or
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two classes of their teaching load. The expert group utilizes data in these and several
other ways, driven in part by the needs and foci of the informal and formal users, but
also driven by research questions and external feedback from interested and col-
laborating international researchers.

At the level of small teams, even when a ‘critical mass’ is achieved in the actor
network, such as in the informal team, adoption is shaped and limited by communi-
cations. In the formal instructors’ experience, almost all communications are one-
to-one with the supporting expert team, not with peers and not with any expectation
from or knowledge shared by executive leadership in their faculty area. In contrast,
the informal team has been empowered by the executive leadership to do as much
as possible with the assets, experience and analytics.

The profile of the adoption of learning analytics that emerges from this brief
cross-case analysis illustrates details that help explain the ‘early-stage’ status of
adoption within the higher education institution. The two cases presented demon-
strate the potential of Rogers’ (1962) framework as a useful reflective tool in think-
ing about the processes and status of adoption of learning analytics.

The field of learning analytics is generating growing interest in data and com-
puter science as well as educational science, hence becoming an important aspect of
modern digital learning environments (Ifenthaler & Widanapathirana, 2014).
Despite the high interest, the adoption of learning analytics in higher education
institutions requires capabilities not yet fully developed (Ifenthaler, 2017).
International perspectives on adoption models (Nouri et al., 2019) as well as on
policy recommendations (Ifenthaler & Yau, 2019) may help to move the innovative
efforts on learning analytics forward.
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