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Framing Professional Learning Analytics  
as Reframing Oneself 

 
Simon Buckingham Shum, Allison Littlejohn, Kirsty Kitto, Ruth Crick 

Abstract—Central to imagining the future of technology-
enhanced professional learning, is the question of how data is 
gathered, analysed and fed back to stakeholders. The field of 
Learning Analytics (LA) has emerged over the last decade at the 
intersection of data science, learning sciences, human-centred and 
instructional design, and organisational change, and so could in 
principle inform how data can be gathered and analysed in ways 
that support professional learning. However, in contrast to formal 
education where most research in LA has been conducted, much 
work-integrated learning is experiential, social, situated and 
practice-bound. Supporting such learning exposes a significant 
weakness in LA research, and to make sense of this gap, this paper 
proposes an adaptation of the Knowledge-Agency Window 
framework. It draws attention to how different forms of 
professional learning locate on the dimensions of learner agency 
and knowledge creation. Specifically, we argue that the concept of 
“reframing oneself” holds particular relevance for informal, 
work-integrated learning. To illustrate how this insight translates 
into LA design for professionals, three examples are provided: 
(1) analysing personal and team skills profiles (skills analytics); 
(2) making sense of challenging workplace experiences (reflective 
writing analytics); and (3) reflecting on orientation to learning 
(dispositional analytics). We foreground professional agency as a 
key requirement for such techniques to be used effectively and 
ethically.  

Index Terms—Learning Analytics; Professional Learning; Self-
Assessment Technologies; Agency; Reflection; Skills Analytics; 
Writing Analytics; Dispositional Analytics 

I. INTRODUCTION 
rofessional learning can be described as “the activities 
people engage in to stimulate their thinking and 
professional  knowledge, to improve work performance 
and to ensure that practice is informed and up-to-date” 

[4]. These activities sometimes consist of formal education and 
training, such as workshops or courses that are structured and 
assessed around pre-defined outcomes, and some professionals 
(e.g., teachers, architects, financiers, doctors) are obliged to 
engage in regular, formal professional learning to retain their 
professional accreditation.   

While formal learning of codified, structured knowledge can 
support aspects of ‘business as usual’, broader and more 
embedded forms of learning are needed for innovation and 
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continual improvement in work. Work-integrated professional 
learning,  evolving new practices while working ‘on-the-job’, 
is a critical component for innovation  [5]. Arguably, most 
professional learning happens  through everyday work activities 
and social interactions, such as collaborating with a more 
experienced colleague, or watching a colleague carry out a 
work task  ([6], [7]), and forms of work-integrated learning like 
these are an important part of adopting new practices and 
developing innovations at work [8]. There are three important 
characteristics of work-integrated professional learning that 
distinguish it from formal learning. First, professionals must 
self-regulate their learning through forms of active agency, 
rather than relying on a teacher to signpost and scaffold what is 
to be learned. Second, learning objectives usually align with 
work needs and business strategy, rather than being pre-
determined through a course curriculum. Third, by its very 
nature, work-integrated learning is shaped by the workplace 
environment, meaning there is a direct relationship between the 
workplace context, and how and what professionals learn at 
work [9]. Therefore, to understand how professionals learn, and 
how to support their learning, it is essential to take into 
consideration the context within which learning and work is 
taking place. However, most educational research focuses on 
formal, classroom-based education and training, leaving work-
integrated learning under-theorised and under-researched [10].   

The field of Learning Analytics (LA) has emerged over the 
last decade at the intersection of data science, learning sciences, 
human-centred and instructional design, and organisational 
change, and so in principle, could support professional learning 
by providing insights and feedback about professional learning 
to stakeholders. The field now covers a diverse array of 
computational techniques for analysing myriad forms of 
learning data, in order to provide insight to different 
stakeholders including learners, educators and leaders ([11], 
[12]). However, like educational research, LA is largely 
dominated by applications in formal education, raising the 
question of whether LA can translate to the more experiential, 
social, situated and practice-bound world of work-integrated, 
self-regulated learning. This paper makes the case for a 

K. Kitto is with the Connected Intelligence Centre, University of 
Technology Sydney, PO Box 123, Broadway, Ultimo, NSW 2007, AUS (e-
mail: Kirsty.Kitto@uts.edu.au). 

R. Crick is with WILD Learning, White Hart House, 1 Abson Road, 
Pucklechurch, Bristol, BS16 9RH, UK, and the Connected Intelligence Centre, 
University of Technology Sydney (e-mail: Ruth.Crick@wildlearn.co.uk). 

P 

This article has been accepted for publication in IEEE Transactions on Learning Technologies. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TLT.2022.3190055

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University College London. Downloaded on August 17,2022 at 18:40:03 UTC from IEEE Xplore.  Restrictions apply. 



TLTSI-2021-06-0169 
 

2 

particular strategy to designing LA that recognises the critical 
importance of professional identity and agency in work-
integrated learning, specifically, the role that data-informed, 
automated feedback can play in provoking productive reflection 
that leads to “reframing oneself” as part of one’s professional 
growth. The paper therefore contributes to this special issue by 
considering a particular intersection of computing and data 
science methods with learning theories, our understanding of 
professional learning and how people learn through work.  

The paper is organized as follows: Section II expands on the 
distinctive features of professional learning, before Section III 
introduces the Knowledge-Agency Window (KAW) framework 
to help differentiate the forms this can take. Section IV then 
uses the KAW to map current literature on workplace/ 
professional LA. Section V establishes the importance of 
learners’ sense of identity, which motivates a focus on 
“reframing oneself” and on LA that works on data intentionally 
provided by the learner for this purpose. Moving from concepts 
to practical design, Sections VI-VIII present three examples of 
how this approach to LA can be interpreted, namely, Skills 
Analytics, Reflective Writing Analytics, and Dispositional 
Learning Analytics. Section IX concludes with a discussion of 
the core concepts, recognition of the limitations, and 
opportunities for future research. 

II. PROFESSIONAL LEARNING 
In the introduction, we summarised three distinct 

characteristics of work-integrated, professional learning, which 
we now expand upon. Each individual’s capacity to learn is 
influenced by a combination of psychological (cognitive, 
volitional and affective), behavioural and environmental factors 
that form the foundation of self-regulated learning [13]–[15]. 
Some factors can be improved through practice, such as setting 
learning goals or switching approaches to learning if a current 
strategy is not proving effective. Other factors are influenced 
by affective characteristics, for example the motivation to learn, 
interest in what is being learned, or self-satisfaction [16]. Self-
regulation blends deliberative and non-deliberative cognitive 
engagement [16], which is characteristic of workplace learning. 
Thus, these factors are important in professional learning 
situations where individuals rely on internal drive, personal 
agency and self-regulation ability to apply newly-learned 
knowledge to work [17].  

This form of emergent learning is complex and requires a 
sound ability to self-direct one’s learning. For example, 
professional training programs tend to promote understanding 
of professional knowledge, skills and values, but applying these 
a new context can be challenging since workplaces have 
varying cultures, values and priorities, making each context 
unique. Guile [18] terms the process through which 
professionals share, evaluate and adapt the skills and 
knowledge they bring, from both formal learning and previous 
work experiences, “recontextualisation”. In this regard, 
technology systems that support the development of self-
directed learning amongst professionals have the potential for 
substantial and sustained impact, but at present little is known 
specifically about self-regulated learning in workplace contexts 

[19]. 
Work-integrated learning objectives are aligned with work 

goals, such that both are shaped by a shared purpose which 
informs what counts as a successful learning outcome in that 
particular context [20]. Professional learners have to ‘chart’ 
their learning needs, align their learning goals with work needs 
and tasks. As these needs change, learners must reframe their 
work and learning goals. This need to chart and continually 
reframe is a critical for business innovation and transformation. 
For transformation, meta-cognitive, meta-affective and meta-
relational learning processes, such as self-efficacy, self-
leadership and collaborative problem solving are important. 
The individual’s and the team’s purpose, and learning 
trajectories need to be continuously aligned to the 
organisation’s purpose, and re-adapted as goals and strategies 
at work change [21].  

In summary, formal education tends to be framed as the 
assimilation of prescribed knowledge. In contrast to this, when 
professionals learn on the job, they must become active agents, 
setting their own learning goals and self-regulating their 
learning. It is important to consider how individuals and teams 
are able to mobilise their agency to identify, select, collect, 
curate, re-structure and re-present existing funds of knowledge. 
A challenge for Learning Analytics is how these core learning 
processes may be scaffolded, supported and enhanced in the 
context of the workplace.  

III. THE KNOWLEDGE AGENCY WINDOW (KAW) 
Today’s workplaces are continuing to increase in 

complexity. As the World Economic Forum describes in ‘The 
Future of Jobs’ [22] these conditions require broad and long-
term changes to basic and lifelong education systems, along 
with urgent and focused re-skilling efforts required in each 
industry. To learn how to adapt to new forms of work, 
professionals need to develop a range of critical ‘soft skills’ 
such as self-awareness and self-leadership, emotional 
intelligence, relationships and complex problem-solving 
capabilities.  

Critical though these are, little attention has been paid to how 
professionals develop these over their employment trajectory. 
Building on a long-term study of the development of systems 
engineering competencies in the engineering professions [23], 
[24], McDermott, et al. [25] proposed that these can be 
abstracted into three broad categories: self-leadership, learning 
relationships and complex problem solving. These reflect a 
holistic view of the professional as someone with agency and 
self-identity, located in a relational context with real-world 
complex problems, which need to be identified, addressed, and 
solved through the generation of new knowledge. We propose 
that these changes require a systematic adaptation in how 
professional learning is structured and scaffolded in the 
workplace, and that LA offers potential to scaffold this agency.  

In the context of university engineering education, prior work 
by Crick, et al. [1] has developed the Knowledge-Agency 
Window (KAW) summarised in Fig.1, which focuses on the two 
dimensions of (i) the degree of agency that students are given 
in any context and (ii) the degree to which the knowledge they 

This article has been accepted for publication in IEEE Transactions on Learning Technologies. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TLT.2022.3190055

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University College London. Downloaded on August 17,2022 at 18:40:03 UTC from IEEE Xplore.  Restrictions apply. 



TLTSI-2021-06-0169 
 

3 

must learn is prescribed/co-generated. The former draws on 
purpose and identity – always located in an experiential and 
narrative context, while the latter has to do with the sequencing 
of students’ encounter with the formal knowledge base of the 
curriculum. All four quadrants are important, but the top-right 
quadrant has been most neglected in engineering (and indeed, 
in much formal education in other contexts). Developing 
learning designs and analytics to inform that pedagogical shift 
has been the focus of a 20-year research program [1], [26]–[28]. 

 Taking inspiration from this work, we considered that a 
contextualised version of the KAW might provide a helpful way 
to make sense of professional learning and analytics situated in 
the workplace. As we reflected on the different forms of 
professional learning, this led to an adapted version of the KAW 
(Fig. 2) locating four different types of professional learning 
framed by the two axes: the spectrum of professional agency 
required and the spectrum of knowledge prescription/creation.  

The lower-left quadrant represents learning about prescribed 
and existing knowledge, the domain of formal training led by 
experts where conceptual knowledge is typically acquired 
through a combination of content delivery exercises and then 
(one hopes) application in practice. There are typically right and 
wrong answers, and a formal test can assess the degree to which 
the learner has mastered that knowledge, at least when tested. 
In this quadrant, an adaptive AI tutorial might confront a 
professional with the diagnosis that they understand rather less 
than they thought about the fundamentals of a fast-moving 
topic, provoking reflection on the need to attend more to 
developments — or possibly, a reframing on whether this 
should still be part of their identity going forward. 

In the lower-right quadrant, the professional learner is 
exercising more agency as they study to master a target skill, 
capability, or knowledge unit through an active choice, 
adapting that learning to their context. 

In the top-left quadrant, we move into forms of “open ended 
enquiry” with no pre-defined curriculum to be mastered, 
through the generation and application of new knowledge led 
by experts. This might occur when a consultant leads an 
organisation through a change process, or a facilitator helps 
staff to generate new ideas. Depending on how effectively this 
is done, this may well introduce innovations into the 
organization, but a risk is that when the consultancy has 
finished and the expert departs, the organisation has failed to 
absorb that learning and built capacity in its own staff and 
practices, who revert to ‘business as usual’. To overcome this 
problem, there is a need to combine individual learning with 
organisational learning in a ‘double loop’ process [29].    

Finally, in the top-right quadrant, professionals are learning 

 
Fig. 1. The Knowledge-Agency Window as originally developed in the context of enriching engineering degree programs [1]. 

 
 

Fig. 2. Adapting the Knowledge-Agency Window for professional learning. 
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together through the process of generating and applying new 
knowledge in their different contexts. This entails far greater 
levels of agency and complex problem-solving capabilities. 
Leadership development, for instance, requires a more agentic 
approach through trial and error in real work settings.  

The cyclical arrows signal that professional learning can 
profitably occur in any of these four quadrants, but will 
increasingly integrate all four [30] since professional life 
presents increasingly novel challenges, for which there are no 
known solutions. Each of these four kinds of learning could 
provoke levels of reframing oneself, and clearly make very 
different demands on professionals. In particular, professionals 
need to be increasingly effective in the two right-hand 
quadrants, developing their self-leadership and that of their 
teams, all aligned to their organisational mission. 

It has subsequently come to our attention that Ley [31] 
foregrounds the importance of learner agency in his framework 
for understanding the role of learning technology in the 
workplace. The overarching guidance/emergence continuum 
echoes the KAW’s diagonal move (Fig. 1) from the lower-left 
to top-right quadrant. The convergence of these two 
independent research programs on similar constructs adds 
confidence that they have identified important qualities. 
Echoing Ley’s analysis, in the next section we show how the 
KAW helps position the diverse contributions that learning 
technologies can make, but with specific interest in learning 
analytics. 

IV. LEARNING TECHNOLOGIES/ANALYTICS VIEWED THROUGH 
THE KNOWLEDGE AGENCY WINDOW 

A wide array of technology has been developed to support 
learners, and much of it has been adapted from formal education 
to the professional learning context. For example, many 
workplaces now utilize a learning management system (LMS) 
or comparable training platform, for content delivery, online 
assessment and progress tracking. This often includes 
compliance-based training to satisfy regulatory requirements 
(e.g., Occupational Health and Safety, Discrimination, and 
Supervision). Such training tends to focus on content mastery 
and provides little or no learner agency in determining the 
goals, assessments, and so forth. For this reason, we locate it in 
the lower-left quadrant of the KAW. There are clear criteria on 
what it means to start, finish, and pass/fail a learning activity, 
so to the degree that this resembles the way universities use 
such platforms for teaching, the armoury of LA (and now AI) 
techniques to enable the most efficient path to curriculum 
mastery may transfer well.  

More progressive organisations are now embracing Learner 
Experience Platforms (LXPs) which provide the professional 
learner with more autonomy in choosing what they learn from 
an organizationally defined library of content (which can be 
very large), often providing recommendation systems to 
support learners in locating the content they require and 
defining a training path. These systems would be situated a little 
more to the right on the learner autonomy scale in the KAW, 
but since most tend to focus on content mastery, we still locate 
them in the lower-left quadrant.  

Learning in this quadrant leaves unresolved Guile’s 
‘recontextualisation’ challenge introduced above [18], and 
leaves unaddressed the other quadrants in the KAW. To see this 
in action, more open-ended form of knowledge creation can be 
found in the various social media /networking platforms that are 
widely used by professionals (e.g., Teams; Twitter; LinkedIn; 
Facebook; YouTube; Reddit; Stack Exchange). These are 
sometimes used for formal directed learning (e.g., some schools 
and universities are starting to make use of Teams to teach their 
students rather than an LMS) but are more commonly 
facilitating technology for agentic and self-directed 
professional learning [32], [33]. Thus, a software engineer 
grappling with a new programming language can search Stack 
Exchange to find solutions to problems or ask a question which 
can be answered by more expert users in the community. These 
tools support the growth of extensive and open-ended 
professional learning networks, where experts help people to 
solve immediate problems, and so we locate them in the top-left 
quadrant of the KAW.  

What contributions do LA have to make to professional 
learning when we situate it using the KAW lens? Dawson, et al. 
[34] argue that there is a need to understand “how and why the 
needs of workplace learners differ from formal students” (p. 3) 
in order to test theory and methods in authentic workplace 
settings. However, despite this acknowledged importance, a 
2019 survey of LA research by Dawson, et al. [35], concluded 
that there was weak evidence from workplace learning contexts, 
suggesting the need for far more research in this space.  

Since then, substantial overviews of the professional learning 
space have started to emerge. For example, a 2020 review of 
the forms of analytics delivered by professional learning 
environments was completed by Ng and Poquet [36]. They 
explored 80 digital solutions aiming to support professional 
learning, finding that the vast majority of analytics delivered 
were in the form of the Human Resource (HR) analytics, 
designed for managers, not the employees doing the learning, 
thus providing no direct autonomy to the professional learners. 
LXPs and LMSs provided analytics in the form of dashboards 
and reports, but it was found that the evidence for the 
effectiveness of these analytics was weak. On a more positive 
note, this analysis found that almost all of these tools had some 
descriptive analytics aiming to provoke reflection, but offered 
very little support for building learner agency, or interest-driven 
skills development. This is an ongoing weakness in the field 
that has been recognized by other researchers.  

The most comprehensive examination of LA delivered by 
professional learning environments is provided by two 
systematic literature reviews of workplace learning analytics 
carried out by the same team. Ruiz-Calleja et al. conducted their 
first study in 2017 [37], replicating the methodology in 2021 
[2], finding that the initial 30 papers on the topic had almost 
doubled to 52, signaling substantial growth in the field. Of 
particular interest to this paper, is their classification of 
approaches in the literature according to three different 
metaphors, which can be mapped into the KAW as suggested 
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by the regions in Fig. 3: (i) the knowledge-acquisition 
metaphor (22 papers were classified in this theme), focusing 
on individual learners mastering pre-defined concepts, which 
we map into the KAW as primarily lower-left, though with 
more effective learners likely pursuing their own efforts to 
research topics they have been assigned; (ii) the participation 
metaphor (19 papers), where social learning takes place 
through networks/ communities of practice, which in the 
KAW could harness learner, peer and expert input to define 
problems and solutions; and (iii) the knowledge creation 
metaphor (11 papers), which is concerned with the 
collaborative creation of new materials and conceptual 
artefacts in an organization, which we interpret in the KAW 
as drawing on similar modes to the participation metaphor.  

Significantly, the authors note that relatively few 
approaches address the knowledge creation metaphor, 
identifying this as a key area for future work (KAW upper-right 
quadrant), and conclude that a key enabling factor for 
workplace LA is the degree to which reflection is part of a 
professional culture (e.g., as in education and healthcare), in 
contrast to others where this is more alien (e.g., manufacturing 
and construction).   

The KAW framing of the literature clarifies the coverage of 
the different metaphors, enabling us to more specifically locate 
the approach being used against the learner agency dimension 
which we consider particularly important. This is a point to 
which we will turn next, when we introduce the need for more 
effective scaffolding of agentic reflection about one’s identity 
as a learning professional, and the kind of LA approaches that 
seem to best fit this task.  

V. IDENTITY, AGENCY, AND LA FOR REFRAMING ONESELF 
Within educational research, the importance of how learners 

frame their identity is well established. Identity and agency are 
related in so far as they are both contextual and temporal, with 
identity looking backwards, and agency looking forwards to the 
achievement of a purpose. These have been described as the 
lateral and temporal connectivities which shape a person’s 
sense of Self, particularly  personal and communal stories, and 
networks of relationships [38], [39]. Sfard and Prusak [40] 
propose that the notion of identity is the ‘missing link’ between 
learning and its socio-cultural context. They frame identity as 
stories – reifying, endorsable by others and significant and 
profoundly influenced by others. Lave and Wenger  refer to 
schooling as the construction of identities ([41], p.53), with 
other work focusing on the longer-term agenda of identity 
building [42].  

To summarise, while formal educational systems clearly 
cultivate different identities to those encouraged in the 
workplace, and often remove rather than build learner agency, 
the theories and evidence in this literature demonstrate how 
central these qualities are to learners, and there is no reason to 
suppose that this ceases when they enter the workplace. Indeed, 
Dahlgren argues that “becoming a professional is a lifelong, 
extended process that constructs an individual’s professional 
identity through formal education, workplace interactions and 
popular culture” [43]. 

The centrality of identity, coupled with learner agency, 
indicates why the formation and re-formation of the 
professional self is so important. We propose, therefore, that the 
concept of reframing oneself encapsulates a particularly 
important kind of ‘right-side’ (in the KAW) agentic 
professional learning. Our interest is in whether LA-enabled 
technologies can help professionals gain insight into, and reflect 
on, their identity with a view to change. This is fundamentally 
concerned with making conscious decisions to change how one 
thinks and acts. We need to ask how LA can be used to scaffold 
metacognitive processes, such as planning, self-efficacy, self-
leadership, learning relationships and persistence, in 
professional learning that stretches outside the prescribed 
boundaries of a formal course, or ‘business as usual’.  

In a straightforward, mundane sense, we can see the need to 
‘reframe oneself’ on becoming aware of a personal 
shortcoming. Either privately or publicly, it becomes clear that 
one’s confidence and/or competence to undertake a task is not 
as strong as it could or should be, covering the entire spectrum 
from learning a new technical skill or new regulations, to 
improving one’s personal time-management, or interpersonal 
skills. The professional can choose to cover this up, ignore it, 
or address it proactively — a choice which may itself be a 
complex decision, charged with professional implications.  

Beyond this, at a deeper level, ‘reframing oneself’ might 
connect to a more profound change in how one construes one’s 
professional identity. Senior leadership development programs 
seek to instill a particular set of values and dispositions that go 
to the heart of one’s identity (e.g., cultivating a spirit of servant 
leadership). Psychometric techniques, when used effectively, 
can provide new ways of thinking about oneself (e.g., realizing 
that you are a Type X personality, or holding certain 
unconscious biases). Reframing oneself may thus be 
incremental or transformative but is of course hardly a novel 
concept; counselling and psychotherapy often help patients 
‘reframe’ themselves, as part of reconstructing their identities 
following trauma.  

The LA examples that we introduce next are not based on 
employees’ activity trace data (cf. research into LA inspired by 
self-regulation theory, which aggregates trace events from a 
formal learning platform, whether in an educational or 
workplace context [44], [45]. Employees already know that 

 

 
Fig. 3. Mapping the analysis of professional learning analytics literature by 
Ruiz-Calleja, et al. [2] into the Knowledge-Agency Window. 
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enterprise systems log data describing their interactions. But 
this raises a key question of whether trust will be eroded if 
workplace analytics are used to draw erroneous conclusions 
about employees’ professional capabilities, by treating low-
level clicks as (impoverished) proxies for meaningful 
constructs. While learner activity-tracking is acceptable within 
the well-defined boundary of learning platforms delivering 
training, or reflective learning apps [46], the aggregation of 
trace data across diverse enterprise platforms in order to infer 
staff capabilities is, in our view, many orders of magnitude 
more complex, and correspondingly vulnerable to ethical 
concerns (for recent discussion on mitigating these risks in the 
workplace, see [47]).  

We focus instead on approaches that seek to mitigate these 
risks in two ways. Firstly, the analytics operate on data 
explicitly shared by the professional as part of their intentional 
learning, not ‘data exhaust’ generated as a by-product of their 
work. A similar ethos was adopted by Schreurs & De Laat [48] 
in the design of a tool for teachers to reflect on their professional 
learning networks. Instead of deriving social network 
visualisations and metrics from social ties mined from an online 
platform (as is common in social learning analytics [49]), the 
teachers manually specified those colleagues whom they 
consulted about different topics, from which visualisations and 
reports were derived. Abstracting from this approach, we can 
see that this gave the benefits of privacy (teachers chose who to 
declare as peers), coverage (the network included both online 
and offline social ties) and meaning (teachers specified the 
topics they discussed). These attributes are important ones that 
we carry into our work, granting significant agency to the 
professional to manage what is shared, and what it means. 

Secondly, we focus in this paper on natural language, with 
two of the LA approaches utilizing NLP. Written form can 
express extraordinary complexity and nuance, the challenge of 
stepping back and reflecting is well suited to the written word. 
As will be demonstrated, the machine reflects back to the 
learner the sense it can make of what has been shared, using 
both textual reports and visual annotation. (In the discussion we 
consider extensions to multimodal LA.)  

Turning then to the design challenge, in what practical ways 
can analytics-enabled tools assist professionals in reframing 
themselves as learners? We next introduce three examples to 
illustrate the kinds of analytics that we are developing to 
provoke the construction of new self-narratives, exercising 
different forms of self-leadership. The idea is that once the 
professional is provided with new language (and hence, 
concepts) with which to think, they can more clearly narrate 
their journey, to themselves and possibly to others.  
• Skills Analytics: How do I tell my “skills story” to 

myself, and to others, as I seek to pivot and maintain 
relevance in this turbulent organisation? Where am I on 
my career trajectory? What skills should I aspire to 
acquire?  

• Reflective Writing Analytics: How can I make sense 
of this challenging experience? How could I handle such 
dilemmas better next time? What am I still uncertain 
about? How am I changing as a professional? 

• Dispositional Analytics: What is my professional 
purpose? What does it mean to get better at ‘learning to 
learn’? How can I use my next project to stretch myself, 
beyond just getting the job done? How can I transfer 
what I have learned in formal education and training and 
apply this knowledge to my job? 

The three examples are mapped into the KAW in Fig. 4. In 
each case, the tool is designed to help the learner see and 
understand themselves in a new way. Through automated, 
personalized feedback they are then provided with suggestions 
for how they might reflect and respond.  

We recognise the complex ethics issues related to data 
analysis in work contexts which are beyond the scope of this 
paper. However, as we introduce the approaches in detail, each 
section concludes with a consideration of their ethical usage in 
professional contexts. 

 

 
Fig. 4. Locating the three examples of professional learning analytics 
approaches discussed in this paper within the Knowledge-Agency Window. 

VI. SKILLS ANALYTICS 
As discussed above, professional learners often need to learn 

a set of new skills on the job, flexibly, and as required. They 
might sometimes do this via formal training pathways, but this 
leaves them with the problem of transferring the knowledge 
they learned in the (physical or online) classroom to the work 
context [20]. Often, we see professional learners following less 
well-defined methods, working to self-identify gaps in their 
capabilities, reflect upon which gaps are most detrimental to 
their performance, and then work to find resources that might 
help them to improve upon their skill base in key targeted areas.  

However, many people find it difficult to articulate the skills 
that they acquire [20], a problem that is often seen in job 
interviews and responses to selection criteria. While many 
employers report a gap between the skills that they are looking 
for and those of people who apply for their jobs, it has been 
argued that this is largely due to a lack of awareness, or a failure 
of graduates to articulate the skills that they have gained during 
their education [50]. We need ways to support people in 
organisations and articulating the skills that they possess [20]. 
Furthermore, it is often difficult for learners to identify new 
skills and capabilities that are likely to provide the best return 
on investment; should they prioritise novel skills that 
complement existing skills in their team, focus on new 
emerging skills, or aim to maintain relevance by working to 
achieve the standard competencies possessed by their 
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colleagues? These questions are particularly challenging in 
agile workplaces where team composition changes rapidly. 

The need for skills analytics in the workplace has been well 
recognized by the private sector, and particularly within the 
human resources (HR) training space, where a wide variety of 
solutions are now being aggressively developed and pursued by 
companies such as Microsoft, LinkedIn, Emsi/Burning Glass 
and Cornerstone on Demand which seek to support the tracking 
of skills demonstrated by a professional. The result is usually 
technological solutions of varying levels of sophistication, that 
aim to support people in explicitly claiming skills, identifying 
possible skill gaps, and then using these insights to target 
training that might serve to support them in working towards 
career goals.  

This class of tools tends to rely upon a predefined skills 
vocabulary, which links occupations to the skills required in 
that occupation. Some of these are curated by hand, including 
the Occupational Information Network (O*NET) [51] and 
European Skill/ Competences, qualifications and Occupations 
(ESCO) [52] framework, but increasingly these skills 
vocabularies are created by applying Natural Language 
Processing (NLP) to extract skills, locations, and salary 
information from large online job advertisement databases. 
Humans then often provide oversight to add commonly 
occurring skills to the vocabulary. The resulting  curated data is 
then sold to government bodies, companies, institutions, and 
educational providers to provide services that expedite the 
Recognition of Prior Learning [53] and curriculum profiling 
[54] in terms of defined skills taxonomies.. This data can also 
be used to support professional learning, from both a top-down 
employer centric perspective to track employee skills and 
capabilities, but also from a more emergent and learner centered 
perspective where professional learners chart a course towards 
identified career goals and new opportunities. It is this second 
scenario that opens up the possibility of using skills analytics 
for reframing oneself.  

Professionals increasingly need to perform this reframing, as 
they face change in an existing position and need to update their 
skillsets in response to technological change, or perhaps even 
change position to a new role, or indeed move organisations.  
Thus, in supporting professional learners to upskill we need 
systems that balance the skills needs of their current 
organization with projected needs in their future careers. In 
short, professionals need to be able to set and attain learning 
goals that not only benefit their current organisation, but also 
allow each individual opportunity to navigate their own career 
pathway. This approach to career support has been termed 
‘Charting’ [20], where professionals set their learning goals, 
and then source, use, adapt and share knowledge resources in 
ways that help them attain these goals. Charting provides a 
bottom-up approach to professional learning, but it can be 
difficult for professionals to articulate their career goals, a topic 
to which we return in the discussion. 

 In Fig. 5 we depict a prototype tool now being piloted at the 
University of Technology Sydney (UTS), which helps people 
reframe themselves by explicitly listing their professional 
goals, and then identifying learning pathways that might help 

them to achieve those goals. The TRACK (Tailored 
Recruitment and Curriculum Knowledge) web app helps people 
to consider their current capabilities by creating a skills profile 
(Fig. 5, top). The user starts by actively identify skills that they 
currently have, either by uploading a CV which is parsed using 
NLP, searching for occupation names for jobs they have held in 
the past, or searching for specific skills on a case-by-case basis. 
This explicit claiming of skills encourages a professional 
learner to reflect upon their existing skills and capabilities, and 
these can be represented according to organizational needs 
(e.g., using capability frameworks that map the skills), or kept 
more open (e.g., using all skills available in the tool). This skills 
profile can then be used to set career goals, and identify gaps in 
their profile with respect to those goals. This enables the 
professional learner to explore alternative career goals, and to 
investigate how their current skills mix interacts with those 
goals to make different outcomes more or less difficult to 
achieve. Finally, the tool helps the learner to find training 
opportunities at UTS that could fill a critical skills gap (Fig. 5, 
bottom). This is possible because the courses at UTS are tagged 
using NLP with skills from the same taxonomy as the tool itself. 
While this tool links skills gaps to curriculum offerings within 
a specific institution [55], the eDoer tool [56] is a prototype 
recommendation system that suggests open educational 
resources based upon a similar skills analytics approach [57].  

Maturity level. TRACK, and similar tools using NLP to 
analyse labour market data, have emerged as widely available 
services in only the last five years approximately, and are the 
subject of significant commercial investment to improve skills 
extraction, clustering, similarity matching and recommender 
systems. Looking to the future, the learner profile that is 
generated could in principle be used over a lifetime, beyond the 
boundaries of the organisation for which it was first created. 
This could enable reframing of oneself over a lifetime, through 
the active and deliberate claiming of skills, setting of career 
goals, and the identification of skills gaps which training 
opportunities can help to fill.  In the future learners should also 
have the power to ‘unframe’ parts of their career they may want 
to forget [58]. For example, an individual going through a life 
crisis might take time out of their career, or begin a new career 
track. Later in life they may want to return to their original 
career pathway, so it may be helpful for them to amend their 
track record to suit their new pathway. This form of ‘forgetting’ 
can be important for people, particularly those who are 
marginalized and are therefore more likely to go through 
difficult periods throughout their lives. 

Thus, it is possible to envisage a future where we move 
towards professional learners shaping and controlling their own 
profiles, rather than having this done for them by technical 
systems. Each professional can use this skills profile that they 
have created to understand their current professional context, 
and extend it to other scenarios, training and career goals which 
are situated beyond their current workplace. Extensions to this 
approach could include analytics that take the relative 
contribution of a skill into account. For example, Dawson et al. 
[59] describe a Revealed Comparative Advantage measure 
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which enables them to determine which skills are most likely to 
provide the largest advantage to a professional learner seeking 
to transition to a new role. When combined with data about job 
market trends, this approach has potential to provide 
professional learners with data and analytics approaches that 
support them in charting their learning trajectories over a 
lifetime, with intermediate career goals, planning short term 
goals as ‘stepping stones’ on the way to a longer-term objective 
[55]. 

Returning to the KAW, we classify these skills-based 
approaches as high in professional agency (as the learner is free 

to choose whichever learning opportunities are mapped in the 
tool), but as likely to be geared towards more prescribed 
knowledge (as existing tools do not tend to support the creation 
of new knowledge, rather the acquisition of existing 
knowledge). As such, it fills an important gap that we identified 
earlier, by helping professional learners to choose between 
prescribed training options to chart their way towards identified 
career goals.  

Ethical considerations. We have proposed that tools such as 
TRACK, and the growing number of similar services, can be 
used to empower professionals to reflect on how they want to 

 
 

 
 
Fig. 5. TRACK: a suite of web applications to assist learners in reflecting on their current and potential future skills profile. Natural language processing services 
index skills from three sources: the learner’s CV, course options and job advertisements, in order to calculate the degree of overlap, from which a 
recommendation engine suggests potential learning pathways. (Top)The learner is shown a list of skills extracted from their CV, for them to review and edit. 
Additional skills can be added by searching for jobs or specific skills. (Bottom) Based on the learner’s career aspirations, and the skills they want to work on 
first, courses are prioritized (left); selecting a course shows the learner the new skills they will gain on completion (right). 
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change their expertise. Such tools are being marketed as part of 
‘workforce analytics’ to help organisations track staff wellbeing 
and performance, and design their future workforces. There is 
certainly scope for such tools to be used in ways that staff could 
experience as stressful. For instance, in the context of potential 
job losses, the invitation to complete one’s skills profile can be 
perceived as supportive (e.g., “this is proactive support to map 
your career trajectory, to give you the training you need for 
future roles”) or threatening (“this tool will provide hard 
evidence that you no longer fit here”). The management culture 
will shape this, as will each employee’s dispositions and 
competence. Like all analytics, such tools can bring a level of 
precision and fairness to decisions that until now have depended 
on weak evidence and human biases, but if people are reduced 
to only a quantifiable skills profile, to the exclusion of other 
important qualities for designing effective, rewarding 
workplaces, too much agency will have been surrendered to 
analytics. 

VII. REFLECTIVE WRITING ANALYTICS 
Reflecting on experiences is critical for professional 

learning. Transferring and applying the knowledge learned in 
one context to another is challenging and a major barrier to 
professionals as they learn. Work can be bruising emotionally, 
and the stakes for failure can be high socially, financially, 
politically. What contributions can analytics possibly make to 
such a complex cognitive, social and emotional process?  

Let us start with how humans assist reflection. Helping 
people make sense of their thoughts, feelings, reactions and 
approaches when stretched out of their comfort zones is core 
business for leadership coaches. Suitably supported, honest 
reflection makes it safe to question assumptions and consider 
change, but we also know that this is often both difficult to teach 
and challenging to learn. Professional coaches can be brought 
in to support this process for individuals and teams [60], but 
while we know there is nothing as valuable as detailed coaching 
feedback to build this capacity, this is a scarce, costly skillset 
and labour-intensive.  

 It is in this regard that learning technology using analytics, 
and now AI, may have a contribution to make if they can help 
professionals to reflect on the situations/people they find most 
challenging. While there are various ways to express one’s 
thoughts and feelings, when we look at current practice in both 
education and professional development, writing is the most 
widely used modality, offering for both the authors, and others 
if they share their reflections, a ‘window’ onto the mind. As any 
dedicated writer will attest, the act of writing is a mirror helping 
to clarify what one really thinks. 

Reflective writing (e.g., through a learning journal) is an 
approach used in many professions to help learners, 
professionals and leaders make sense of challenging 
experiences, and prepare for the future. It integrates “head and 
heart”, valuing not only technical/academic knowledge, but 
how this interacts with experiential/professional ways of 

 

 
Fig. 6. Two tabs from the AcaWriter web application providing automated feedback on a paragraph of professional reflective writing. (Left) The first tab uses 
icons and typography (see legend) to semantically annotate sentences where the writer appears to be engaging in deeper reflection. (Right) The second tab 
provides personalised feedback messages.  
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knowing, and recognising the fact that learning and working 
engage our emotions and feelings. In sharp contrast to 
conventional academic, business or technical analysis, the focus 
in such writing is not on persuading the reader or demonstrating 
mastery of a topic. In reflective writing, one writes in the first 
person, often for oneself rather than an audience, typically 
describing critical incidents that were surprising or 
challenging, the thoughts, beliefs, feelings and emotions these 
evoked, and how one is changing as a result, for instance, to 
better handle similar situations when they next arise.  

Our work to date has developed a web app called AcaWriter 
using natural language processing to detect the presence of 
textual features that signal a range of hallmark ‘rhetorical 
moves’ in reflection (as italicised above). In principle, this 
opens the possibility for offering instant, personalised feedback 
on personal reflections about challenging experiences, at scale. 
We have detailed how scholarship into the teaching and 
learning of reflective writing provides key insights into the 
hallmarks of effective reflection, and reflective writing ([61], 
[62]). Since the purpose of reflective writing is to honestly 
externalise one’s thoughts in order to make sense of challenging 
experiences, the analytics are not intended to be summative 
grading of a ‘performance’, but to provoke deeper reflection. 

AcaWriter has demonstrated its value in vocationally-
focused higher education courses where trainees reflect on 
work placement experiences (e.g. Pharmacy [63]) and 
challenging new courses (e.g., Gender Studies [61]). To our 
knowledge, this kind of tool has yet to be used by professionals 
in the workplace, but we are receiving expressions of interest 
from professional bodies who use reflective writing as part of 
staff development. An indicator that the underlying model 
could generalise to the kinds of reflection that 
employees/leaders is illustrated in Fig. 6, showing that 
AcaWriter can to a degree appropriately classify sentences and 
give feedback on leadership reflective writing (an example 
from [60]), but clearly, more systematic evaluation is required. 
Further work could improve the classifier’s performance (e.g. 
through supervised machine learning, as demonstrated for 
trainee pharmacists’ reflections [64]), enabling us to gather 
empirical evidence of the response it gets from professionals. 
Automated feedback such as this cannot replace the holistic, 
multifaceted workplace mentoring provided by human mentors, 
but could complement it. For instance, the availability of 24/7 
feedback (which no human can provide) could prompt 
professionals to revise and advance their thinking and writing 
more extensively prior to discussing with a mentor.   

Maturity level. There is a growing number of commercial 
products on the market providing automated writing feedback 
beyond spelling and grammar checking, to address the 
particular emphasis on ideas that one finds in 
scholarly/scientific writing. However, to our knowledge, 
AcaWriter is the first tool providing automated feedback on 
reflective writing, although other parsers have been developed 
by researchers studying reflective writing [65]–[68]. The 
possibility for learning technologies to recognise and give 
feedback on such writing places this example firmly in the 
KAW right-side quadrants, but of the three examples we 

discuss, this is the least tested in professional learning contexts. 
Future work should investigate performance on different kinds 
of professional reflective writing, and explore the potential of 
machine learning, which has demonstrated potential in 
reflective writing [64], [69]. Such tools should be carefully 
piloted in workplaces, ideally as an integrated part of leadership 
development programs, and may find adoption most quickly in 
professions already familiar with this form of reflective 
practice, such as teaching, nursing, medicine or pharmacy. 

Ethical considerations. Reflective writing is a personal, 
private activity, which is shared by the author through choice. 
It is not mandatory, and the learner can choose not to contribute. 
Nevertheless, organisations that encourage reflective writing 
must build employee trust by providing safeguards around the 
storage of resources and data, as well as access to reflective 
writing analytics. The trend to procuring cloud services from 
external vendors offers one approach that enables employee 
access to the writing feedback with technical safeguards, for 
example preventing managers’ access (other than seeing 
summary statistics regarding the levels of usage of the service). 
In this way organisations can ethically design opportunities for 
employees to share their reflections and insights in ways that 
improve professional and organisational learning.  

VIII. DISPOSITIONAL LEARNING ANALYTICS 
“Knowledge of methods alone will not suffice: there must be 
the desire, the will, to employ them. This desire is an affair 
of personal disposition.” Dewey, 1933 [70] 
“A disposition is a tendency to exhibit frequently, 
consciously, and voluntarily a pattern of behavior that is 
directed to a broad goal.” Katz, 1993 [71] 
 
As Katz defines it, a disposition is a habit of both mind and 

action, a tendency to behave in a certain way, while Dewey 
emphasises the pivotal role of desire/will to act. We argue that 
the term ‘disposition’ should not be reduced to solely how 
someone tends to behave (which is observable and thus 
measurable) but that dispositions emerge out of a particular 
narrative which is both historical and future-oriented, as well as 
situated and contextual (making it more challenging for 
measurement). What is being addressed is a set of personal 
qualities or orientations towards learning which are understood 
and manifested in thought, feeling and action, and derive from 
values and attitudes — sets of beliefs with affective loading. 
The concept of ‘learning power’ (introduced below) is a broader 
term for this because it incorporates values, attitudes and 
dispositions, and in addition invokes the important concept of 
agency, purpose and self-leadership [72]–[74]. 

 Dispositional Learning Analytics (DLA) is a term used to 
describe feedback of data returned to a learner, designed to 
inform them about their learning dispositions, so that they can 
use that information to increase and develop self-awareness, 
ownership and responsibility for their own learning trajectories 
[75].  It has made an impact in primary [76]–[78], secondary  
[79]–[83] and tertiary educational contexts [1], [84]–[85]. DLA 
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can also be used to provide coaches/educators with insights into 
their cohort and researchers with insights into learning 
processes, as well as the characteristics of different groups. In 
the latter case, DLA has been shown to provide a statistically 
significant source of explanatory power when predicting 
student performance, and in designing more personalised 
feedback [86]–[87]. 

The example of DLA which we have been developing has 
focused on feedback to the learner after using a self-report 
diagnostic survey. The CLARA survey assesses Learning 
Power, defined  as ‘the embodied and relational process 
through which we regulate the flow of energy and information 
over time in order to navigate a learning journey to achieve a 
purpose of value’ [3] (p.121). The survey has been validated as 
a set of eight scales measuring the latent variables of Mindful 
Agency, Sense Making, Creativity, Curiosity, Belonging, 
Collaboration, Hope and Optimism and Openness to Learning 
(Fig. 7).  These dimensions measure dispositions (what one 
tends to do), affect (feelings) and beliefs (cognition) about a a 
learner’s typical response to learning in a given context.  

Embedded in a web application called WILD (Work-
Integrated Learning Design), the tool provides visual feedback 
(Fig. 8) and a personalised feedback report for personal 
reflection or a coaching conversation. A useful metaphor for 
this cycle is a work-integrated ‘learning journey’, whereby the 
app invites the learner to reflect on the purpose of this exercise, 
and how they can reframe themselves and their job in the light 
of the learning power dimensions they want to work on. The 
power of the metaphor is that it foregrounds the agency of the 
person who is taking the journey and the ‘territory’ over which 
the journey proceeds: both are core to professional learning. 
The platform [88] also provides aggregate learning power 
statistics at the team and organisational levels, to aid leadership 
decision making, but if staff want, their identities can be hidden 
to ensure that what is intended to be formative feedback is not 
distorted into a high-stakes performance assessment that 
managers can use. 

This approach of undertaking a learning journey, scaffolded 
by reflection on learning power, has been developed 
particularly with self-directed learning in mind, both individual 
or in a team. It is defined by the situated nature of the problem 
itself, the purposes of the stakeholders, and the possible 
solutions in that context. In contrast to the left-side of the KAW, 
the professional engages with prescribed or expert-guided funds 
of knowledge after they have begun to explore the problem 
space. The onus is on the individual themselves to then identify, 
collect and curate the data and knowledge they need. This 
capacity for identifying, collecting, curating and working with 
sources locates this example in the top-right quadrant.  

Maturity level. As the longest-standing of the three 
examples in this paper, in development for over a decade, this 
DLA approach has been adapted from its formal education 
origins in middle/high schools, and introduced as part of project 
work and work-integrated learning in higher education [89], 
and most recently, deployed in leadership development and 
work-integrated learning strategy in a public utility, engaging 
over 100 executives and leaders for three years, with positive 

 
Fig. 7. The “Learning Power” construct has eight dimensions that together 
define a quality of learners termed “resilient agency” [3]. 
 
 

 
Fig. 8. Visual analytic feedback to the learner on completion of the 
diagnostic survey. This example shows changes (from Diagnose to 
Measure) following a learner-defined work-integrated learning journey, 
scaffolded by the WILD web application. 
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outcomes [90]–[91]. Future research now under consideration, 
which could help to scale the approach in the absence of skilled 
human coaches, includes the possibility of adding an AI 
coaching agent to provoke dialogic reflection about the 
potential implications of one’s profile. One can also envisage 
‘theming’ the currently generic reports with locally 
contextualised language, iconography and case examples. 

Ethical considerations. The ethical implications of DLA 
arise from the personal and unique nature of an individual’s 
sense of identity as a learner, which emerges from their 
particular story, and is projected into their future aspirations. 
The learner’s task is to first make sense of their DLA report 
which presents visual data based on reliable, research validated, 
numerical scales. Next, they use this data to deepen their own 
self-awareness, asking and answering questions such as ‘why 
am I like this’ and ‘what might I want to change’. Ideally, they 
also have access to a coaching conversation to support the 
process and help to convert their self-awareness into strategies 
for change. The purpose of the rapid feedback of DLA is 
formative and ipsative, designed to inform a (self) coaching 
conversation that stimulates self-awareness, and agency in 
learning. This personal process of interpretation leading to 
action draws on interpretive and emancipatory rationality and 
raises ethical issues like those which apply to coaching 
relationships2. In other words, the emergent outcomes of DLA 
can be deeply personal, and impact the learner in significant 
ways. The first ethical issue therefore relates to research quality, 
reliability and trustworthiness. The data used to build the visual 
feedback should meet the robust standards of social science.  

The second ethical issue relates to privacy. If the DLA data 
architecture is designed in a way that enables other people in 
the system to see and read Learning Power data without the 
explicit permission of the learner, then this will have an 
immediate negative impact on (i) quality and (ii) learner 
wellbeing. Quality, because once the data is used for judging 
and performance-oriented decisions, it will lead to ‘gaming’ 
and will actually have the opposite effect from what was 
intended (i.e. performativity); wellbeing, because the use of 
such personal data for performance management and 
assessment will impact on learner’s self-esteem, self-efficacy 
and effort [92].  The privacy of the individual data set is 
paramount, the manner in which it is made available to the 
individual is an ethical issue, as is the use to which the data is 
put by the institution concerned, in terms of leadership decision 
making. The key ethical principles are ‘fitness for purpose’ and 
the authority of the individual learner. As with reflective 
writing analytics, the terms on which a responsible DLA service 
provider operates must safeguard these requirements, managed 
via suitable data models, role permissions and policies.  

IX. DISCUSSION  
This paper has focused on the question of whether, and in 

what forms, Learning Analytics (LA) can enable work-
integrated, professional learning. We have argued that the 

 
2  https://www.bacp.co.uk/events-and-resources/ethics-and-standards 

/ethical-framework-for-the-counselling-professions/ 

different forms of professional learning are clarified by the 
adapted version of the Knowledge-Agency Window (KAW) 
(Fig. 2). The KAW clarifies the centrality of agency and identity 
in professional learning, and its dimensions offer a design space 
to compare and contrast different learning technologies and LA 
approaches (Figs. 3-4). LA approaches developed in formal 
educational contexts typically analyse learner activity data from 
learning platforms and may translate partially to formal 
professional development (KAW lower-left quadrant). 
However, the deeper challenge is to design LA for work-
integrated professional learning, which is vital for the continual 
improvement of work in organisations. The KAW framework 
demonstrates that to support work-integrated professional 
learning, the primary challenge is to invent and validate LA for 
learner-led enquiry and learner-led study (the right-side 
quadrants in Fig 2).  

We have argued that LA can support professionals in 
becoming more agentic learners by reconfiguring and reflecting 
back data they intentionally share as feedback, to help 
“reframe oneself”. This reframing may be incremental or more 
transformative. To ground this concept, we have presented 
three examples of LA approaches that share this perspective in 
common, all of which are implemented as web applications. 
These illustrate how this perspective can be translated in diverse 
ways. We have contrasted this to LA approaches that analyse 
activity traces, since in the context of the enterprise platforms 
used by professionals in their everyday work (as opposed to 
completing a formal, bounded training module), this breadth of 
surveillance introduces both ethical concerns, as well as 
complex data-modelling challenges, namely, how to infer 
higher order professional competencies from low-level activity 
logs. 

In the remainder of this paper, we discuss some defining 
features of this proposal, and further implications. 

A. The centrality of professional agency 
Agency is a core human process in a learning infrastructure 

which enhances organisational adaptive capacity. Agency is the 
capacity for self-leadership in achieving a purpose, which, in 
the workplace, generally means finding solutions to complex 
problems the answers to which are not known in advance (in 
contrast to most formal learning). It involves the ways in which 
the professional analyses and responds to challenges by 
identifying the knowledge, skills, know-how and data which 
they need to re-construct, in order to find solutions which are fit 
for purpose.  As suggested in an international survey of HR 
trends [93], the workforce of the future needs to be able to 
follow a ‘playbook’ not a ‘rulebook’ — following a playbook 
requires a sense of purpose, agency and resourcefulness for 
self-directed learning. Professional agency goes beyond merely 
the personal: by definition it is the agency of a professional, in 
a particular profession, in a particular context. It is multi-
levelled in the sense professional agency is expressed through 
purpose in an organisation as a complex system — a 

This article has been accepted for publication in IEEE Transactions on Learning Technologies. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TLT.2022.3190055

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University College London. Downloaded on August 17,2022 at 18:40:03 UTC from IEEE Xplore.  Restrictions apply. 



TLTSI-2021-06-0169 
 

13 

professional’s personal purpose is aligned with the purpose of 
their profession, which is expressed organisationally through 
their workplace [94].   

The implications of this for Learning Analytics are 
significant. LA to augment agency should be designed around 
the individual’s capacity for sensemaking, for self-reflection, 
for coaching-for-learning relationships, and for thinking skills 
which enable the professional to generate new knowledge to 
solve contextual, new problems. LA for professional agency is 
about returning meaningful data to the professional (agent) so 
that they can make better informed decisions about themself, 
their skills or how they go about solving complex problems and 
generating new knowledge. 

As discussed in the ethical reflections on each of the three 
examples, there must be appropriate permissions around the 
level of detail in someone’s data that managers and peers can 
see, in order to avoid undermining the honest, reflective 
processes that are being encouraged. An additional ethical 
consideration that we wish to highlight is the possibility that LA 
feedback such as this is unsettling and confronting for someone. 
On the one hand, we only learn when confronted with the fact 
that we fall short in some way, and we recognise the need to 
grow. Skilled educators know how to create a sense of 
disorientation but also curiosity in the learner, but learners will 
navigate this space if supported suitably. Taking the three 
exemplars: TRACK may confront learners with their skills gap, 
but offers pathways to tackle it; WILD may confront them with 
their dispositional profile but provides coaching feedback; and 
AcaWriter may confront them by failing to see any deep 
reflection in their writing, but provides visual and written 
prompts on making their thinking more visible. 

B. LA-informed goal-setting as a way to build agency  
We noted earlier prior work in which Littlejohn et al. 

investigated an approach called Charting which involves 
professionals in setting short, medium and long-term career 
goals [20]. However, one finding was that this task proved to 
be a challenge for many, so the question arises as to whether 
LA can provide support for this critical activity, which is central 
to the concept of agency. Two of the three examples require the 
learner to explore, and (at least tentatively) set goals, based on 
the analytics feedback. In the Skills Analytics example, 
TRACK requires the learner to explore jobs of interest in order 
to recommend courses that will close the skills gap. A corporate 
version invites employees to indicate their interest in new roles 
that the organisation has prioritised for their future workforce, 
in order to explore their skills fit. Goal-setting is an iterative 
process, informed by the feedback on skills matches, gaps and 
gains. In DLA, the WILD web app requires the learner to set 
personal and professional goals for improving their learning 
processes on a work-based project. The research-validated 
framework underpins the personalised feedback, which 
provides a foundation for reflection or coaching conversations 
explicitly focused on self-awareness and goal setting. Goals are 
informed by the shape and size of the radar chart visualisation, 
the feedback on this profile, and how it changes over time.   

C.  Multimodal LA through the KAW 
In introducing our approach, we noted that the examples all 

focus on natural language, since this is one of the most intuitive 
modalities in which to reflect, express complex ideas, and craft 
narratives. We recognise, of course, that there are other 
modalities in which one might capture personal reflections, 
such as audio or video (AV) diaries/blogs, each of which 
introduces new possibilities for automated, formative analytics 
feedback. Speech-to-text conversion is now so good that 
content and rhetorical analysis of AV reflections is a 
commodity cloud service. Furthermore, despite the digital 
revolution many forms of professional work remain embodied 
in physical space, and typically collocated with colleagues. 
Multimodal LA (MMLA) [95] use sensors to detect attributes 
of embodied learning such as posture, physiological correlates 
of stress (e.g., via biometric wristbands), movement (e.g., via 
indoor location trackers), and communication (via speech and 
video analysis).  

The KAW framework can be applied to frame the 
deployment of such approaches, for instance, MMLA feedback 
to trainees on how well they performed against the exacting 
standards of a teamwork simulation belongs in the lower-left 
quadrant [96], while formative feedback to educators on their 
movement around teaching spaces is lower-right since no 
judgement is made, and it is up to them what this might mean 
for improving their practice [97]. If employees choose to track 
their office movements as a memory aid or source of insight 
about work habits [98], we might locate this in the top-right 
quadrant, but if they are under duress to do so to assist 
‘organisational learning’ about office usage, from a learner 
agency perspective this is clearly very different.  

MMLA tools raise significant ethical issues since they are at 
least if not more invasive than online sensors, and relying on 
machines to interpret people’s non-verbal behaviour is 
extremely challenging. MMLA ethics are a topic of debate 
(albeit largely in the context of formal education [99]), and as 
emphasised in our preceding ethical discussions, it must be very 
clear what data is being gathered, when, by whom, and for what 
purposes. 

D. Limitations of this analysis 
We recognise several limitations to this analysis which future 

work can address. Firstly, the nature of work is changing 
rapidly, and although the assumptions underpinning the KAW 
are intended to address this turbulence, we remain open to the 
possibility that the KAW may need to be revised. Secondly, 
technology is changing rapidly, and the KAW framework must 
be tested against the affordances of new learning 
infrastructures, which could in principle demonstrate the need 
to modify or add dimensions. Finally, the three LA tool 
examples we have presented are only just emerging as 
professional learning tools. We have argued that they are in 
principle well suited for use in the workplace. There is 
published evidence regarding the use of DLA in the workplace 
[90], and organizational trials are under way with Skills 
Analytics, but future research must establish more robust 
empirical evidence. 
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X. CONCLUSION 
In the current turbulence confronting organisations, with the 

need for continuous, work-integrated professional learning, we 
believe that sustainable organisational learning and change will 
be driven ‘from the inside out’ through the agentic learning of 
their people. Professional Learning Analytics must expand 
beyond the current focus on formal training/education to build 
learner agency to navigate informal learning settings. Rather 
than LA reframing learning in the classroom, learners 
themselves must learn to reframe their learning needs and goals. 
This will entail at least four modes of learning as described in 
the adapted KAW framework, of which the agentic quadrants 
remain the least well understood when it comes to designing 
learning technologies. It is important that professionals have 
agency over their own data profiles, which amidst current 
concerns around the ethics of data, is another important step 
towards rebalancing equity issues, and is particularly important 
for marginalised people. We hope that this analysis provides 
both conceptual language and technical inspiration to align the 
computing sciences with the learning sciences in ethical ways, 
to help envision Professional Learning Analytics that respect 
these values, and advance the deeper learning associated with 
reframing oneself. 
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