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The importance of data and analytics for learning and 

teaching practice is strongly argued in the education 

that learning analytics afford are touted to be unprec-

edented in scale, sophistication, and impact (Baker & 

Inventado, 2014). Not only do learning analytics have 

the capacity to provide rich understanding of prac-

tices and activities occurring within institutions, they 

also have the potential to mediate and shape future 

and institutional investment, there remains a paucity 

analytics strategies and activities in higher education 

(Ferguson et al., 2015), thus denying the sector broad 

and nuanced understanding of the affordances and 

constraints of learning analytics implementations over 

analytics as a discipline and a perceived lack of time 

for learning analytics programs and implementations 

mediating systemic uptake of learning analytics (Arnold, 

Lynch, et al., 2014; Ferguson et al., 2015; Macfadyen, 

analytics is relatively new to higher education, we 

activities can bring to education at a whole-of-insti-

tution scale. Indeed, a small number of institutions 

have been able to implement large-scale learning 

analytics programs with demonstrable impact on 

their teaching and learning outcomes (Ferguson et al., 

in a sector where, for a large number of institutions, 

and impact (Ferguson et al., 2015).

A burgeoning body of conceptual literature has recently 

al., 2015; Macfadyen et al., 2014; Norris, Baer, Leonard, 

-

tiple frameworks intended to capture, and elicit insight 

into, dimensions and processes mediating learning 

analytics adoption. In addition to aiding conceptual 
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understanding, this literature also has a heuristic value, 

guiding institutions through implementation stages and 

al., 2015), it is probable that many managers turn to 

this small body of conceptual literature for inspiration 

and insight when planning and administering learning 

analytics initiatives. The present chapter reviews this 

body of literature to glean from it not only insight 

important for effective institutional implementations 

of learning analytics, but also to gauge the merit of 

the models as guides for institutional managers. We 

of the literature with those from a recent study that 

across a large cohort of Australian universities to 

proffer empirical understanding into the processes 

and factors affording them (Colvin et al., 2015).

models and frameworks revealed three primary groups 

of literature: 1) those focused on the antecedents 

to learning analytics outcomes (learning analytics 

inputs models); 2) those focused on the outcomes of 

learning analytics (learning analytics outputs mod-

els); and 3) process models that sequentially map and 

implementations. An overview of these different models, 

and their conceptual and empirical contribution to 

understanding factors shaping institutional learning 

analytics implementations, follows.

Learning Analytics Inputs Models
Frameworks in this body of literature tend to present 

learning analytics implementations as a consequence 

of antecedent affordances incorporating dimensions 

such as leadership, governance, technology, capacity, 

and culture. Notable in this literature is the US-based 

Education (Bichsel, 2012). Their model, informed by data 

elicited through surveys and focus group interviews 

activity including culture, process, data/reporting/

-

structure. Each input dimension is scaffolded across 

institutions in determining their level of progress with-

in each level. The criticality of each input dimension 

for a successful learning analytics implementation 

is assumed.

Similar to the ECAR model is the Learning Analytics 

-

signed to assist institutions in assessing their level of 

culture and process, 4) governance and infrastructure, 

and overall 5) readiness perceptions — as essential 

relative salience was revealed. However, salience was 

measured according to participant perception, and not 

against learning analytics implementations outcomes.

(Norris & Baer, 2013) is also founded on insight gleaned 

from learning analytics specialists as to dimensions 

they consider important in shaping analytics adoption. 

The authors interviewed managers from 40 institutions 

in the United States, and data collected through these 

These dimensions were 1) technology infrastructure, 

2) processes and practice, 3) culture and behaviours, 

4) skills and values, and 5) leadership. Notable in their 

the presentation of the dimensions as interconnected 

and overlapping, thereby highlighting their interde-

pendent nature (Norris & Baer, 2013, p. 31). While the 

relative salience.

interdependent and recursive nature of dimensions 

-

(privacy/ethics), 3) technologies, 4) education data, 5) 

REVIEW OF CURRENT MODELS OF 
LEARNING ANALYTICS DEPLOYMENT
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of learning analytics implementations as non-linear, 

emergent from, and afforded by, the interplay of mul-

tiple, interconnected input dimensions. While often 

informed by opinion solicited through focus group and 

these models are essentially conceptual. They identify 

dimensions that institutional representatives perceive 

must be considered to mount an effective learning 

analytics implementation, yet they do not empirically 

interrogate the dimensions against actual learning 

analytics implementations. Similarly, while the input 

models suggest interrelationships between antecedent 

dimensions, the nature of these interrelationships, and 

their impacts on learning analytic implementation 

while the models offer leaders charged with the task 

of implementing learning analytics programs in their 

institutions insight into the antecedent dimensions 

necessary to effect an implementation, they present 

little guidance on how such implementations could 

look in action. Further, the relative salience of each 

-

actions and resources (although a limited number of 

models do accommodate gradations of maturity within 

2012; Norris & Baer, 2013).

Learning Analytics Outputs Models
This second body of learning analytics models and 

implementations as a linear process, unfolding over 

time, and involving different levels of readiness and 

maturity. An early model in this literature that still 

-

port and Harris’s (2007) Analytics Framework, which 

query and reporting applications through to formal 

analytics functions such as forecasting and predic-

Learning Analytics Sophistication Model integrates 

analytic capability and systems deployment along a 

continuum of increasing maturity. Five key stages of 

-

early stage deployment would feature basic reports 

and log data whereas a mature deployment would 

means for institutions to objectively assess the maturity 

(or capacity) of their activities and processes against a 

models are limited in scope and typically predicated 

on a uni- or bi-dimensional conceptual lens (such as 

the sophistication of analytic techniques employed). 

While outputs models advocate a vision of learning 

analytics implementations outcomes, they often fail to 

mechanisms needed to generate the LA implementation 

outcomes they in fact advocate. Finally, a risk of many 

as a linear and hierarchical process, culminating in 

learning analytics, one that is typically conceptual, 

assumed universality, and not necessarily capturing 

what might be possible or desirable within the scope 

Process Models
This third body of literature (Foreman, 2013a, 2013b; 

Norris & Baer, 2013) sequentially maps key processes 

-

mentations. It focuses on the how of implementing 

a learning analytics program, rather than what the 

outcomes should look like (outputs model) or involve 

2013a, 2013b) or circuitous (Norris and Baer’s Action 

implementation (for instance, the implementation of a 

learning management system (LMS; Foreman, 2013a, 

2013b), or strategy development (cf. Norris and Baer’s 

literature (Ferguson et al., 2015) presents processual 

of learning analytics implementations, arguing that 

for institutions wishing to apply learning analytics 

Mapping Approach (ROMA) for a learning analytics 

implementation. This model presents inputs dimen-

sions in an operational sequence involving seven key 

steps from formulation of initial objectives through 

-

sence, is conceptually generated. While there is little 

evidence of the model’s empirical validation, it has 

been applied as a lens to describe learning analytics 

implementations at universities in Australia and the 

UK, argued by the authors to demonstrate the model’s 

(Ferguson et al., 2015).

While reviewing these models affords insight into di-

mensions and processes that mediate learning analytics 

deployments, it also reveals the models’ conceptual 

and operational limitations. These include their adop-

WHAT DO THE MODELS TELL US? 
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to integrate antecedent dimensions and outcomes 

in the one model; and their limited insight into the 

mediating dimensions. Simply put, while the models 

afford insight, they do not fully capture the breadth of 

factors that shape LA implementations, thus curtailing 

their ability to present managers with the nuanced, 

them through learning analytics implementations.

Notwithstanding, a number of mediating dimensions, 

or elements, were found to be common to most 

models, suggesting them to be particularly salient. 

These included technological readiness, leadership, 

-

Technological Readiness
As learning analytics is essentially grounded in the 

affordance of technology to offer access and insight 

into electronic data, it is not surprising that tech-

nology features in LA implementation literature as a 

described as technological readiness vary across the 

need for a robust technology infrastructure that can 

collect, store, and transform data (Arnold, Lynch, et 

al., 2014, p. 258), while others reinforce the need for 

2010; Siemens & Long, 2011), appropriate analytics 

tools (Norris & Baer, 2013), and security and privacy 

controls and processes (for instance, the ECAR Ana-

Bichsel, 2012). Empirically, the potentially militating 

role of technology as a constraining element in learn-

ing analytics implementations was noted in studies 

Leadership
The criticality of leadership for sustainable implemen-

Lynch, et al., 2014; Laferrière, Hamel, & Searson, 2013; 

Norris & Baer, 2013; Siemens et al., 2013) and empiri-

Baer, 2013). This literature advocates the importance 

-

alytics to facilitate uptake and integration (Arnold, 

need for committed senior leadership, particularly 

2013), there is a lack of consensus and commentary 

leadership through a uni- or limited dimensionality 

leadership as a multilayered, multidimensional phe-

literature as leadership style (Owston, 2013), or lead-

while other literature refers to leadership’s structure 

2013) and strength (cf. Kotter & Schlesinger, 2008, in 

2014) or distributed leadership models (Bolden, 2011) 

to aid analytics implementation and uptake.

Organizational Culture

learning analytics implementations (Arnold, Lonn, & 

-

-

cation change (Houchin & MacLean, 2005). Empirical 

implementation at a large Canadian university. The 

researchers observed that the institution’s failure to 

generate a shared, willing, and receptive appreciation 

of learning analytics potential was a key reason for 

successful learning analytics strategy.

Staff and Institutional Capacity

analytics outcomes are contingent on the ability of 

staff to effectively analyse, interpret, and meaning-

fully respond to analytics intelligence (Bichsel, 2012; 

Norris & Baer, 2013). However, it cannot be assumed 

that stakeholders possess the necessary analytical or 

interpretive data skills demanded of learning analytics. 

leaders overestimate their enterprise’s capacity in 

in learning analytics implementations distinguishes 
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between hard and soft dimensions: soft dimensions 

-

-

less subjective elements, including technology, data, 

soft dimensions highlights the need for institutions 

to consider learning analytics implementations as 

include sociocultural concerns. The successful adop-

tion of learning analytics requires capacity building 

across these two domains.

The Learning Analytics Readiness Instrument (LARI; 

implement a learning analytics initiative. They oper-

2) data, 3) culture and process, 4) governance and 

infrastructure, and 5) overall readiness perception. 

nature of capacity, noting that it presents at macro 

(i.e., broad, whole of institution) and micro (the level of 

the individual stakeholder) levels. Finally, in contrast 

with the focus on technical, critical, and interpretative 

us of the relationship between learning analytics 

and teaching and learning practice, suggesting that 

capacity should also encompass the ability of staff to 

Strategy
Conceptual literature advocates the development of a 

clear vision and purpose of learning analytics through 

-

oped Learning Analytics Readiness Instrument (LARI) 

subsumes policy into a broader category of mediating 

dimensions labelled governance and infrastructure. 

and by contrast, empirical studies stress the impor-

declaring, in their analysis of a failed learning analytics 

analytics implementations.

In Sum
This brief literature review found that learning analytics 

models can provide managers with valuable insight into 

processes and dimensions shaping learning analytics 

frequently highlighted across multiple frameworks as 

having impact on learning analytics implementation 

outcomes: technological readiness, leadership, orga-

learning analytics, and learning analytics strategy. 

these dimensions varied across the literature. Fur-

thermore, the models afforded little insight into the 

relative salience, or criticality, of the dimensions. We 

the literature have the potential to mediate how insti-

tutions engage with and interpret the many learning 

analytics frameworks available to them.

this review is predominantly conceptual. We argue that 

the lack of empirical research into learning analytics 

implementations has hindered our understanding of 

the processes and dimensions that mediate them. 

While conceptual literature affords insight, it risks 

and nuance. Where empirical techniques have been 

employed (such as soliciting data through surveys 

and focus groups), there is little detail surrounding 

construct validity. Accordingly, relationships between 

the different dimensions in the models appear to be 

largely untested. As observed earlier in this chapter, 

the relative immaturity of learning analytics programs 

in higher education institutions contributes in part to 

this empirical paucity surrounding learning analytics. 

However, we argue that the burgeoning, albeit nascent 

implementations found across higher education institu-

how learning analytics implementations are currently 

Recent research based in Australia has sought to ad-

dress this research gap. Colvin et al. (2015) undertook 

a large national study investigating learning analytics 

implementations across the Australian higher education 

-

views with senior leaders charged with responsibility 

for implementing learning analytics at 32 universities. 

-

the dimensions found to have impact included effective 

BRINGING IN THE EMPIRICAL 
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and distributed stakeholder engagement, technological 

capacity, clear vision and strategy lead-

ership. Two other dimensions were revealed, namely 

an institution constructed and understood learning 

analytics). The former of these dimensions, institutional 

in practice, shaped by an array of social and institu-

tional structural elements unique to each institution’s 

related to an institution’s underlying epistemological 

implementations. While institutions were found to have 

diverging understandings, aspirations, and visions of 

learning analytics, relationships were found between 

-

stitution and how it was actually implemented. Simply, 

analytics is understood, and the meaning assigned to 

it, appears to shape how it is implemented. Further, 

research suggested the emergence of two trajectories 

of learning analytics implementation in the Australian 

readiness (antecedent), and implementation dimensions 

One cluster appeared to privilege a more instrumental 

institutions in the second cluster were also invested 

in retention-focused learning analytics activity, but 

supplemented this with activity aimed to elicit insight 

into, and inform teaching and learning. Colvin at al.’s 

patterns of learning analytics implementations emerging 

the largely essentialist and positivist ontological and 

epistemological assumptions that underpin many 

Learning Analytics Implementations as 
Iterative, Dynamic, and Sustainable

a model of strategic capability that presents learning 

analytics as a situated, multidimensional, dynamic, 

and emergent response to inter-relationships between 

enable learning analytics implementations, but also 

recursively shape each other over time (Figure 24.1).

Figure 24.1 presents Colvin et al.’s Model of Strategic 

Capability learning analytics implementations that 

interconnected, and temporal, and suggests that 

actual performance of learning analytics implemen-

tations will in turn generate future capacity. In this 

respect, and observed by the authors, the tenets of 

Moisio, 2014), with their advocacy for an ongoing, it-

erative, recursive, processual approach to product 

development and implementation, have traction in 

the learning analytics implementation space and are 

recommended to institutional leaders as possible 

implementation paradigms.

Colvin et al.’s (2015) work makes important empirical 

and methodological contributions to the research 

literature on learning analytics implementations. 

First, it provides empirical insights into the relation-

ships between antecedents (affordances) of learning 

analytics implementations and their outcomes (that 

is, how they looked). Soliciting participants’ meanings 

and understandings of actual learning analytics and 

grained, nuanced insight into the varied ways that 

implementations, and allowed relationships between 

-

tions to be revealed.

implementations in Colvin et al.’s (2015) research as 

multidimensional phenomena resonates with tenets of 

emerging learning analytics implementation literature 

the Model of Strategic Capability generated by their 

research offers a rich, holistic, systemic conceptual-

Figure 24.1. Model of Strategic Capability (Colvin et 
al., 2015, p. 28).

CONCLUSION
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dynamic consequence of multiple, intersecting, inter-

is the empirical insight Colvin et al. (2015) afford into 

the relative salience of the primary sociocultural, 

technical, and structural factors mediating learning 

analytics implementations.

Colvin et al.’s (2015) presentation of learning analytics 

learning analytics as linear and/or unidimensional 

phenomena. We suggest that these latter conceptu-

breadth, or disruption of learning analytics implemen-

tations, and may be inadvertently militating against 

the adoption and development of sustainable and 

effective learning analytics practices and strategies. 

challenge and disrupt traditional management and 

provides institutional learning analytics managers 

with an empirically derived conceptual framework 

evaluation of learning analytics strategies and priorities.

It must be noted that Colvin et al.’s (2015) research has 

limitations: its data were primarily qualitative, and 

gleaned from a relatively small sample of institution 

participants (n=32) located in one higher education 

should be undertaken with some caution. Further, 

most institutions were found to be in the very early 

stages of their learning analytics implementations: 

their programs were embryonic and still developing. 

Relationships reported between antecedent dimen-

sions and outcomes are therefore to be interpreted 

within these temporal constraints. It is recommended 

that further empirical analyses of learning analytics 

implementations are conducted over time that allow 

more nuanced insight into this critical area. Notwith-

analytics framework that grounds learning analytics 

implementations in the tenets of multidimensionality 

broader analytics community.
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