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ABSTRACT

Professional learning is an important component of productivity in contemporary work environ-
ments characterised by continual change. Learning for work takes various forms, from formal
training to informal learning through work activities. In many work settings professionals col-
laborate via networked environments leaving various forms of digital traces and ‘clickstream’
data. These data can be exploited through learning analytics to make both formal and informal
learning processes traceable and visible to support professionals with their learning. This chap-
ter examines the state-of-the-art in professional learning analytics by considering the different
ways professionals learn. As learning analytics techniques advance, the modelling techniques
that underpin these methods become increasingly complex and the assumptions that underpin
the analytics become ever-more embedded within the system. This chapter questions these
assumptions and calls for a new, refreshed vision of professional learning analytics for the future
which is based on how professionals learn. There is a need to broaden our thinking about the
purpose of learning analytics build systems that effectively to address affective and motivational
learning issues as well as technical and practical expertise; intelligently align individual learning
activities with organisational learning goals and to be wary of attempts to embed professional
expertise in code written by software developers, rather than by the professionals themselves.
There are also ethical concerns about the degree of surveillance on learners as they work and
learn with anxieties about whether people understand the (potentially serious) consequences
[19]. Finally, learning analytics generally are developed for formal learning contexts, in schools,
colleges and universities, missing opportunities to provide the support professionals need as they
learn through everyday work.
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Contemporary work is characterised by the accelerated
integration of technology within the professions [38, Chap-
ter 1]. This change often is symbolised as ‘jobs being re-
placed by technology systems’, with reports suggesting
millions of jobs will be lost over the next decade. For ex-
ample, a BBC report [51] estimates that up to 20 million
factory jobs could be lost by 2030 as tasks are automated.

1 THE INTEGRATION OF TECHNOLOGY
WITH WORK

There is evidence that some jobs already are already dis-
appearing. Telesales and service staff are being replaced
by ‘chatbots’, computer-based communication systems
designed to interact with humans via the internet [60].
Hotel reception staff are being superseded by automated
check-in systems [46]. Paralegal tasks are being carried
out by document checking systems that search for and rec-
ommend documents specific to each legal case and similar
systems are gathering together news items around specific
topics, replacing some journalist positions [6]. However,

some of the most profound changes in employment are
not where humans are replaced by machines, but where
digital systems are automating routine tasks, rather than
replacing humans.

Computational systems tend to be good at specific tasks
that are difficult for humans, such as identifying patterns
in large datasets and completing computational analy-
sis extremely quickly. For over a decade, cancers have
been spotted using computational systems that compare
large datasets and identify patterns that lead to diagnosis
[59]. Automating routine work means that Oncologists
have more time to focus on more complex tasks, leaving
doctors to focus on recommending treatment plans. The
finance sector has been reshaped by ‘Fintech’ systems that
identify trading patterns and carry out transactions in
micro seconds, much faster than any human [18]. This
semi-automation of trading frees Traders to consider and
research future investment areas. Thus, the integration
of technology with work continually changes what pro-
fessionals do, dynamically changing work practice and
creating a need for professionals continually to learn new
ways of working [38, Chapter 1].
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For some years now employers have been aware that the
digitisation of work offers opportunities to capitalise on
the data generated as a by-product of learning in digital
systems. Data mining and analytics techniques can be
used to support and enhance work and learning. Learn-
ing analytics systems were first developed for use in uni-
versity education to provide learners, teachers and man-
agers with information [53]. Many of these early learning
analytics systems were based on predictive models that
analyse individual learner profiles to forecast whether a
learner is ‘at risk of dropping out’ [66]. These data usually
are presented to learners or teachers using a variety of
dashboards to inform students of their likely progress,
with recommendations for remedial action; teachers were
given information about likely learner outcomes; univer-
sity managers were provided data to plan for future in-
come, costs and impact [45, 53].

These systems are also being applied to Professional
Learning, particularly when professionals sign up for for-
mal qualifications at universities or through online learn-
ing organisations. There have been fewer attempts to
situate professional learning analytics within workplaces,
whether inside organisations or in virtual spaces where
sole workers gather together, such as crowd-work plat-
forms. Some of the systems that have been developed
have been based around organisational administration
and competency mapping. For example, some organisa-
tions use systems that map data about current and future
job roles with data on the current competencies of employ-
ees to help companies train and recruit people with the
skill-sets needed [8]. However, these systems are based on
a competency supply chain model, rather than supporting
professionals as they work and learn.

Applying data analytics techniques to complex learning
contexts is complicated; it is difficult to know what data to
gather, analyse and what conclusions can be drawn from
learning analytics [19]. This chapter examines the evolu-
tion of professional learning analytics. The chapter begins
by tracing the progression of learning analytics systems,
followed by an analysis of different forms of professional
learning. The chapter then maps learning analytics sys-
tems and techniques within a typology of professional
learning, considering whether and how different analytics
techniques that support the various ways professionals
learn. The chapter concludes by putting forward a vision
for professional learning analytics, drawing attention to
areas that require attention from all those involved in the
future development of learning analytics.

2 LEARNING ANALYTICS

Learning analytics is a methodological research area
aimed at “the measurement, collection, analysis and re-
porting of data about learners and their contexts, for the
purposes of understanding and optimising learning and
the environments in which it occurs” [58, 55]. Learning
analytics aims to be multi-disciplinary, using ideas from
learning science, computer science, information science,
educational data mining, knowledge management and,

more recently, Artificial Intelligence [22, 40]. Learning
analytics uses computational systems to leverage the mas-
sive amounts of data generated as a by-product of digital
learning and work activity to support learners in achiev-
ing their goals [3, 4]. Examples include systems that track
learner progress and predict outcomes, recommending
remedial action; facial recognition or skin conductivity
systems that gather data that are used to interpret learn-
ers’ emotions and how these relate to learning; location
indicators that track the position of a learner and infer
moments of interaction with others (see [68]).

AI scientists have been building on approaches in ma-
chine learning, computer modelling and statistics used
in the business sector to support education [40]. Some
Learning platforms use Artificial Intelligence (AI), a range
of analytic methods used to harvest, structure and analyse
computationally large data sets to reveal patterns, trends,
and associations [45]. One branch of AI is based on ‘ma-
chine learning’ where large amounts of data are gathered
and fed into an ‘engine’, which uses statistical algorithms
to identify patterns and to make decisions based on the
trends identified. The system is considered ‘intelligent’
because, as data is fed into the engine, it ‘learns’ to make
more informed decisions about individual cases.

AI techniques are based on the use of ‘Big Data’ which are
“information assets characterized by such a high volume,
velocity and variety of data to require specific technology
and analytical methods for its transformation into value”
[41, p. 103]. The volume of data available is increasing as
people work using digital systems. As they work, people
leave various forms of digital traces and large amounts
of data, generally known as ‘Big Data’ [39]. Analysis of
these data potentially provides a means of improving op-
erational effectiveness by enhancing and supporting the
various ways professionals work, learn and adapt. The
velocity with which these data are generated is escalating
rapidly as more data becomes available via different com-
putational systems people use for work. These systems
draw upon and use a diverse variety of data. Data sets
gathered and used for analysis involve multiple data types
including behavioural data (how often a learner accesses
a site), discourse data (what learners say or type), learner
disposition data (key characteristics associated with each
learner, such as how they prefer to learn) and biometrics
data (including [58]).

Techniques used in learning analytics include discourse
analysis, where learners discussions and actions provide
opportunity for helpful interventions [22]; semantic analy-
sis, tracing the relationship between learners and learning
[67], learner disposition analytics, identifying affective
characteristics associated with learning [55] and content
analytics, including recommender systems that filter and
deliver content based on tags and ratings supplied by
learners. These techniques are useful in encapsulating the
complex factors that influence how professionals learn.

The application of LA and AI to support professional
learning largely has been focused on conventional ap-
proaches to online education, where students access learn-
ing materials and submit assessment or assignment ma-

PG 142 | HANDBOOK OF LEARNING ANALYTICS



terials to demonstrate they have achieved a set of pre-
defined competencies. Examples of learning analytics in-
clude combining learner profiles with online behavioural
data (the number of times a student accesses a Virtual
Learning Environment) to predict the likelihood of a stu-
dent dropping out of a course or being admitted to a
program, to offer timely support or to provide feedback
and guidance [31, 68].

These examples of learning analytics are designed to sup-
port formal education, where learning is structured and
the outcomes of learning are pre-defined. However, there
is ample evidence that professional learning takes differ-
ent forms in different contexts and often achieved through
engaging in everyday work tasks, rather than through for-
mal, accredited learning [17].

3 PROFESSIONAL LEARNING

Keeping skills and knowledge up-to-date is crucial for all
professionals, whether experienced workers or novices,
and is also important for organisations to remain com-
petitive. This means that professional learning tends to
be driven by the demands of work tasks and is interwo-
ven with work processes [16]. Professional learning is
much broader than formal education, since formal learn-
ing alone does not provide all the knowledge needed for
work [62]. Professional learning includes “the activities
people engage in to stimulate their thinking and profes-
sional knowledge, to improve work performance and to
ensure that practice is informed and up-to-date” [38].

However, when professionals are asked about how they
learn, they tend to think of formal training, where learning
is focused on assessment, learner outcomes and explicit
pedagogical models [17]. Examples include workshop
training, professional courses (such as certificated pro-
grams or postgraduate degrees) which are intentionally
structured and some are assessed around pre-defines out-
comes. Intentional learning may be pre-planned and struc-
tured as formal learning for example degree programs,
classroom training, practical workshops, coaching or men-
toring [62]. Other forms of intentional learning tend to
be less well defined and structured, such as coaching,
mentoring or questioning a more expert colleague. Al-
though these types of learning are intentional, they are
loosely structured and more difficult for professionals to
recognize as ‘learning’.

There is evidence that professionals do much of their learn-
ing through engaging in everyday work tasks, which
is termed ‘non-formal learning’ [14, 17, 20]. Learning
through work tends not to be planned, assessed or accred-
ited. This makes it difficult for professionals to recognise
it as a form of learning, without being prompted to reflect
on particular types of experience or specific changes in
their capabilities [17]. For example, professionals may
learn new ways of working when they move to a new
location or team [37]. People may be unaware of they
are learning, because their practice evolves over time [37].
Nevertheless, learning through work is a critical compo-
nent of ongoing improvement and innovation and the

adoption of new practices in the workplace [37]. These
different forms of professional learning are illustrated in
Figure 1:

Figure 1: Typology of professional learning, informed by
[16, 14]

These different forms of learning facilitate development of
diverse types of knowledge [63, 37]. Structured education
and training tend to focus on learning theoretical and prac-
tical knowledge, while more loosely structured coaching
and mentoring allow opportunities to learn other types
of knowledge, such as socio-cultural and self-regulative
knowledge. All these knowledge types are critical for
the adoption of new practices for work. Change in prac-
tice requires the construction of conceptual and practical
knowledge as well as the development of socio-cultural
and self-regulative knowledge [15]. Construction of multi-
ple types of knowledge is most readily achieved through
a combination of intentional learning opportunities with
on-the-job learning [24]. As such, workplace learning op-
erates as a reciprocal process [5] shaped by the affordances
of a specific workplace, together with an individual’s abil-
ity and motivation to engage with what is afforded [5,
20].

There is a tight relationship between the workplace con-
text and learning when people learn at work. There is a
growing body of evidence that professional learning is
more effective when integrated with work tasks (see for
example [10, 62, 20, 14]. However, it is difficult to dis-
tinguish unintended, on-the-job learning from everyday
work tasks, so it is difficult to recognise when profession-
als learn through work [2, 13].

Professional learning is influenced by the learner’s in-
ternal motivation, personal agency and work tasks [37].
These three critical components need to be taken into
consideration when designing computational systems to
support work and learning. To ensure personal agency,
professionals have to be able adapt and self-regulate their
learning. To trigger motivation, learning should be inte-
grated with, rather than separate from, work practices.
These important factors have not always been taken into
consideration when designing analytics systems. The next
section explores these gaps by examining how learning an-
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alytics techniques and systems have been applied within
professional learning contexts.

4 PROFESSIONAL LEARNING
ANALYTICS

Professional learning analytics provides an opportunity
to make both formal and non-formal learning processes
traceable and more explicit in order to support individ-
uals and teams to work and learn [39, 35]. This vision
of professional learning analytics is based on a system
of mutual support through which each professional both
connects with, draw from and contributes back to the
collective knowledge [43]. In theory these actions cre-
ate a common capital via the selective accumulation of
shared by-products of individual work activities, initially
motivated by personal utility [23, p.15]. These actions
would be supported by a set of algorithms, data mining
mechanisms and analytics that create a “common capi-
tal through re-usable knowledge via the selective accu-
mulation of shared by-products of individual activities
motivated, initially, by personal utility” [23, p.15].

4.1 Analytics for Formal learning

Early attempts to apply learning analytics to professional
learning contexts involved the transfer of techniques from
formal education, such as university education, to profes-
sional learning contexts. In formal education, students
tend to follow a learning pathway with predefined ob-
jectives and regular assessments. This sequenced devel-
opmental path is similar to forms of training and formal
learning for professionals. Key applications of learning
analytics in formal education include learner profiling and
prediction of outcomes [68].

One of the most common applications of learning analyt-
ics is learner profiling and prediction of outcomes using
predictive analytics techniques. One example is ‘OU Anal-
yse’, a system developed by The Open University, UK
to provide early prediction of ‘at-risk’ students. The sys-
tem is predicated on the idea that each student follows a
linear learning pathway and that every few weeks they
engage in a ‘Tutor Marked Assessment’. Learners are pro-
filed by gathering demographic data about each student’s
age, gender, place of residence and prior qualifications.
These data are combined with data related to observed
activity within the university’s Virtual Learning Environ-
ment (Moodle). Each individual’s data is analysed in
relation to data from prior cohorts of students to predict
the likelihood of passing the next Tutor Marked Assess-
ment. These predictions are visualised for course tutors
as a course overview dashboard where they can view the
progress of individual students (see [34]). Progress is il-
lustrated using a ‘traffic light’ system, to show whether
a student is likely to pass their next tutor-marked assess-
ment, based on their previous actions, grades and those of
previous students. The system then uses the data to make
a decision whether remedial action is needed and recom-
mends to the tutor or student what the learner should do
next. Predictive analytics systems are helpful in suggest-

ing remedial action to students at risk of not passing an
assessment. However, there are significant concerns for
learners in predicting future learning outcomes based on
past activity. The system can (inadvertently) create un-
seen problems for learners and teachers. The system can
create ‘sound clouds’ that normalise specific behaviours
of learners and misinterpret others, so learners have to fol-
low ‘normal behaviours’ to be accepted by the system [37].
By relaying on a computational system, rather than their
own professional judgement, to assess learner progress,
teachers can become ‘deskilled’ [19]. Predictive analyt-
ics systems require large amounts of data (so-called “Big
Data’) including personal data about learners. Large-scale
collection and analysis of personal data are of concern to
human-rights advocates, who have called and continue
to call for stronger data protection legislation and imple-
mentation (see for example [64, 65, 48]). Yet there are
few analyses of the likely impact of AI in education on
workers freedoms and fundamental rights.

Pre-defined, structured courses often are not helpful for
people who work in highly specialised roles. Early ana-
lytics systems to provide personalised adaptive system sup-
port were based on intelligent tutoring systems that pro-
vide immediate, customised content or feedback to learn-
ers, usually without intervention from a human teacher
or expert. More recent adaptive systems for Professional
Learning bring learning and work together by embedding
professional learning with work practice so people learn
as they work. Many organisations recognise that training
is not effective if professionals learn a new process then
do not use their new knowledge and embed it within their
practice. Recognising the importance of enabling people
to learn new expertise at the point of need, organisations
have been seeking ways to capture and disseminate ex-
pertise. These work-integrated systems include augmented
reality systems that are used to support professionals to
learn about their work environment by providing just-
in-time information for professionals as they carry out
their work. Augmented reality involves overlaying lay-
ers of digitally-generated information on top of the work
environment, using location sensors to detect where the
worker is located. These layers of information are made
visible using Wearable Technology, such as augmented
reality spectacles or observing real-world objects via a
smartphone screen. For example Wearable Technology
headsets can be used to capture data and information
as an experienced professional works, and then dissem-
inate this information to less experienced colleagues at
the point of need to help them learn. The headset video
records how an aerospace technician dismantles a valve in
an aircraft engine and carries out a repair. The video has
audio commentary and metadata added. When a novice
technician carries out the same task, the video information
is transmitted via an augmented visual interface, allowing
the novice to learn in detail how to triage and repair the
valve.

One example of an augmented reality system is Wearable
Experience for Knowledge Intensive Training (WEKIT), which
was designed and built as part of an EU funded project
which commenced in 2015 [11]. WEKIT aims to make
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informal learning processes traceable and recognisable so
that novices can develop expertise in an agile way. The
system is based on a three-stage process: mapping skill de-
velopment pathways, capturing and codifying expertise,
making the expertise available to novices at the point of
need. In the first stage a community of professionals and
stakeholders (the WEKIT.club) map out recognised skill
development pathways for industry. In the second stage a
group of software developers use the pathway templates
to develop technology tools to support novices in learning
new procedural knowledge - for example how to turn on
(or off) a specialist valve. Finally, the expertise is trans-
mitted to the novice via the augmented visual interface.
Head-mounted digital displays allow the novice to see the
valve overlaid with instructions on how to safely switch
it on. Through wearable and visual devices, the system
directs each professional’s attention to where it is most
needed, based on an analysis of user needs.

These three key steps in the transfer of expertise in the
WEKIT methodology all have risks associated with them.
First, expertise development pathways are difficult to
model. Experts are involved in building the pathways
and algorithms to support expertise development in an
attempt to capture and codify the expertise accurately.
However, it is difficult for an expert to understand the
optimal learning pathway that will enable each novice’s
expertise development, since this depends on the novice’s
prior experience. Second, not all expertise can be codified.
Augmented visual interfaces and collaborative digital in-
terfaces can help with some aspects of expertise develop-
ment. However, professionals draw on explicit and tacit
knowledge as they carry out tasks. Tacit expertise, such
as the ‘gut feeling’ that a piece of equipment is operat-
ing optimally, takes time to be developed. Thirdly, the
novice has to be actively involved in learning new exper-
tise, with the scaffolding being reduced as they become
more expert. Otherwise there is a risk they will simply
follow instruction, rather than learn. In the future smart
systems might not only draw the learner’s attention to a
specific task, but could record how the novice carries out
the task and compare this with how the expert carries out
the repair. This would require additional analytics that
compares visual recorded data with the expert video data
and interacts with the novice, offering dialogue of how to
improve his or her work.

While these examples structure professional learning
around competency frameworks, other professional learning
analytics systems provide personalization through adaptive
systems. These systems are based on the idea of each
professional developing a personalised learning path-
way, with learning goals aligned with their work tasks.
Early examples of personalised professional learning were
based on the idea that people with specific job roles
or expertise would benefit from bespoke learning path-
ways that brought them into contact with specific content.
When a high degree of specialism is needed, profession-
als themselves are best placed to decide on their learning
needs and the unique combination of expertise they re-
quire [32]. One example is the ROLE system (Responsive
Open Learning Environments role-project.eu) [28] where

individuals define specific concepts and practices they
need to learn, then browse and select a set of web-based
resources and tools that support their learning. The ana-
lytics method uses a recommender system to combine the
web-based content resources in different ways to support
specific job roles. The web-based resources are sets of
learning materials that the professionals sequence and tai-
lor for their own use. The more the system is used, the bet-
ter it ‘learns’ specific combinations of content appropriate
for specific job roles. These resources can be reproduced
and adapted to support other people with similar roles.
The system uses demographic data to provides appropri-
ate content that is sequenced and structured in a bespoke
way.

Some analytics systems are based on the assumption that
people might learn more effectively by using strategies
that have been effective for other people in similar roles
[39]. One of these systems is LearnB, which has been
trialled in the automotive industry [57]. The tool is de-
signed around a self-regulated learning framework which
gathers data on factors that have been shown to influence
learning at work [56]. These factors include the specific
learning and development goals that workers plan and
the range of activities they engage in to learn. Learn B
collects and analyse these data to identify and connect peo-
ple with similar learning goals [57, 25]. Common goals
are identified and analysed using semantic analysis tech-
niques. These data are fed into social technology systems
that recommend topics people might benefit from learning
and different learning strategies they might adopt, based
on the learning patterns of others. The system uses the
organization’s Performance Review systems to guide pro-
fessionals in documenting their learning experiences. The
system then makes these experiences available for others
who might benefit from learning in a similar way in the
future. In theory, by documenting learning experiences, it
is possible to analyse and compare experiences and perfor-
mance and map these against organisational benchmarks.
It might be useful, for example, to know that a new skill
can be learned in a few hours [56](. On the other hand it
may be reassuring for professionals to know that it takes
an average of six months experience to become competent
in a new procedure (Ibid). The system evaluation pro-
vided evidence that professionals benefited from updates
about their social context – knowing, for example, what
resources other people used and how long they took to
learn specific concepts and practices [56]. Supporting self-
regulation and other forms of metacognition encourages
professionals to take an active approach to their learning.
However, in the LearnB trial professionals were operat-
ing within a traditional organisational culture with a ‘top
down’ competence system. The problem with this system
is that the organization pre-determines the competencies
needed for each job role and recommends the ways people
demonstrate how they learn these capabilities [9].

These sequenced and (relatively) linear developmental
pathways in formal learning are different from the non-
formal learning most professionals engage in, which re-
quire good self-regulation ability [17, 37].
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4.2 Analytics for Informal Learning

There are a growing number of applications of AI and
learning analytics systems in non-formal settings. Some of
these applications have come from groupwork or projects
in higher education, while others have been pioneered
in industry settings. These approaches include use of
intelligent agents, natural language processing, learning
through sensory modality. These sit alongside seman-
tic analytics systems that connect professionals with the
people and knowledge they need to learn new tasks.

The development of intelligent conversational agents opens
up opportunity for dynamic support for professionals as
they carry out their work. The initial application of con-
versational agents in work contexts was to help workers
with administrative tasks, such as using computer appli-
cations, scheduling meetings or managing to-do lists [21].
A number analytics systems use intelligent conversational
agents to stimulate and monitor the effects of profession-
als practices for individuals and within teams. In some
cases, these have been embedded into established forms
of practice already used in industry. For example, intelli-
gent agents have been used to stimulate reflective practice,
which plays an important role in learning at work [7]. Per-
formance is said to improve through appreciation of the
causal mechanisms behind actions and outcomes which
increases certainty in the ability to complete a task [69].
This meta-level understanding can be stimulated through
reflection, yet, despite its importance, reflection can be
overlooked as a purposeful practice. Particularly in stress-
ful work situations when (ironically) reflection is most
needed. An EU funded project, ‘MIRROR – Reflective
learning at work’, provided a platform for experimenta-
tion to identify whether and how a range of computer
applications (Apps) might stimulate and monitor the ef-
fect of reflection on work. Apps can encourage reflection
on a range of factors, such as mood (are you stressed
or worried?), team-work (is the team working well?) or
progress (are you working effectively?) [50]. In some cases
quantitative data is gathered, for example ‘mood’ can be
traced by asking people to indicate how they feel during
work tasks by selecting relevant emoji. Work progress can
be monitored through qualitative data gathering using
online diaries. These data can be analysed and reflection
stimulated through group-work with human agents (for
example colleagues or mentors) or with intelligent agents
(for example chatbots).

Mirror [49] is an analytics-based system that supports
professionals in learning from their own and others ex-
periences. Reflection is a significant component of self-
regulated learning which may improve learning and per-
formance through motivational and affective factors [37].
The Mirror system is based on a set of applications (’Mir-
ror’ apps) designed to facilitate informal learning during
work [33]. These apps were used in Health settings to
support analysis of individual and team actions. These
reflections allowed both individuals and teams to learn
which practices had the most impact within their organ-
isation. For example, the ‘Talk Reflection App’, was de-
veloped to support physicians treating patients suffering

from acute strokes and other neurological emergencies
in learning how to interact better with patients and their
relatives [47]. The App tool prompts individual doctors to
reflect on specific work situations by answering questions,
such as how they felt. Each individual can share answers
with colleagues (human agents), who document their own
experiences, and can learn through reading the responses
of others or talking with them. Evaluation studies of the
MIRROR Apps found a clear link between individual and
team learning and organisational learning (linked to Hu-
man Resource procedures, rewards and promotions) [29].
However, for computational systems to be effective in
changing work practice, the technology tools have to be
adopted into everyday work to effect change. This can
only be achieved if end users (workers) are involved in
the design and implementation of a system from the out-
set. Some systems use multi-modal conversational agents
that use chat and voice modalities to support reflection.
For example, Roberta is a system that supports individual
and team reflection as teams work together via an online
teamwork platform, Slack [30]. The conversational agent,
Roberta, prompts individuals or teams to log and reflect
on their daily progress and outcomes. This triggers re-
flection, prompting workers to identify at a meta-level
what actions they might take to improve how they work.
When chat (text based interaction) and voice modes were
trialled, chat was considered easier to review, but slightly
less personal compared with voice [30]. These Apps are
being used by individual workers to reflect on and im-
prove their practice. Evaluation studies provide evidence
that these Apps work well only when professionals ap-
preciate the value of reflection and adopt this into their
everyday work practice [30].

Attempts to embed computational systems within every-
day work practice have focused on replicating existing
practices online. For example, Sankaranarayanan et al.
[52] developed a computational system to simulate ‘Mob
Programming’ practices in an online environment. Mob
Programming is an approach used in software develop-
ment where a team simultaneously work on the same
output, at the same time, in the same environment. The
benefits of this approach range from facilitated knowledge
sharing and learning to the use of distributed knowledge
[27]. During Mob Programming team members swap
roles to facilitate learning, disseminate knowledge and to
make sure no single person dominates the output. In the
computational system, a human team facilitator is substi-
tuted for an Intelligent Conversational Agent. The Agent
gathers data from an online chat system and monitors
code edits and highlights examples that participants can
emulate. The Agent also analyses these data and indi-
cates when people should swap roles to keep the activity
progressing. Data analysis can identify whether work
is carried out evenly across the team and can monitor
whether the chat is related to project activity. From this
analysis, the Agent can draw conclusions about different
factors such as team dynamics and learning potential. The
Agent can reassign the tasks and monitor the effects. This
type of system potentially provides a powerful way to em-
bed professional learning within day-to-day work tasks.
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However, there are ethical questions around the continual
monitoring of professionals.

By exploiting organisational and professional networks,
professionals can, in theory, achieve agile learning in ways
that support immediate work problems [9]. This type of
self governing, bottom-up approach to professional learn-
ing requires an understanding of how and where pro-
fessionals interact and exchange ideas about their work.
Analytics techniques have been used in attempts to visu-
alise informal organisational and professional networks.
de Laat and Schreurs [35] developed and piloted Network
Awareness Tool (NAT) - a tool that uses Social Network
Analysis techniques - within a school to identify online
teacher networks. The tool visualised multiple, isolated
networks of teachers within the organisation. This sort
of tool could be used to support teachers in reflecting on
how networks could be exploited or restructured. How-
ever, to achieve effective networking it is important to
understand how people interact in both online and physi-
cal networks. Endedijk traced and visualised networks of
care workers in a physical HealthCare setting using wear-
able tracking devices [12]. These devices gathered geospa-
tial data (e.g. the location, proximity and direction) of
each care worker and analysed these data to identify how
professional networks were dynamically formed. The
study provided evidence of limited connections within
and across the professional network. These data can be
used by the organisation, team managers and the profes-
sionals themselves to reflect on ways they can improve
their networking in ways that exploits the human capital
within each team [12]. The idea of supporting professional
learning through informal networks is powerful, partic-
ularly when it allows consideration of information flow
through informal networks. However, information flow
in itself does not indicate learning, so these techniques
have to be supplemented by other methods to test the
underlying assumptions.

Another technique being used to assess team cohesion and
teamwork is Natural Language Processing (NLP). NLP tech-
niques are being incorporated into learning analytics sys-
tems as a promising way to support non-formal learning.
These systems process and analyse dialogue to trace learn-
ing and development by comparing how different groups,
for examples novices and experts, express concepts and
ideas or by tracing discourse development over time. The
development of linguistic cues is an important signifier
of social identity and expertise development within com-
munities of practice [36]. Analysis of social media narra-
tives over time could identify whether, while using web
based learning resources, whether novices were moving
towards using expert language. Yan, Naik and Rose [67]
carried out novel research where they analyse natural
language. The researchers examined the use of natural
language within Reddit – a social media platform used to
aggregate stories within online communities. They used a
natural language processing analysis technique, Content
word filtering and Speaker preferences Model (CSM) to
detect how the use of language develops within online
communities. By extracting ‘functional story schemas’,
they identified schematic structures that characterise spe-

cific sub-narratives within the community. These schemas
serve as lenses that reveal ‘community norms’ within Red-
dit sub-communities. The NLP analytics techniques can
detect and make visible when teams work coherently, or
where there are structural problems. These techniques
can be used to compare the ways experts and novices
work, allowing support to be tailored. However, there
are assumptions around behaviours built into the system.
These assumptions become foundational ‘norms’ that are
difficult to change; the more the system ‘learns’ the more
these conventions become assimilated. Future techniques
have to find ways for systems to become more intelligent
through being able to ‘learn’ and ‘unlearn’, rather than
setting up ‘sound clouds and ‘stereotypes’.

For decades robots and humans have worked together
collaboratively through direct physical interaction, for
example in automotive assembly lines [1]. As robots co-
work with professionals, there is opportunity to exploit
learning through sensory modality. Humans learn by in-
teracting with their environment through touch, which
helps to build an understanding of objects and events. For
example, robots can teach people how to move their arm
during rehabilitation after an accident [44]. By providing
smooth, strong virtual surfaces and other haptic effects
the robot can turn a shared workspace into a learning
space. Haptic technologies have been used effectively
in professional learning settings, particularly in medicine
and dentistry, where ‘touch’ is important for sensory learn-
ing [61]. The computational systems that drive the robots
harvest data through various sensors: touch, geo-location,
visual and so on. These data can be combined and anal-
ysed to provide feedback to the learner. For example, a
dentist can learn a new technique by sensing the ‘feel’ of
drill while working on a virtual patient before carrying
out the procedure on a human [61].

These forms of informal learning need to be evaluated
using innovative forms of assessment and accreditation.

4.3 Assessment and accreditation

Professionals could have competency in their everyday
work recognised and accredited using automated forms
of assessment. For example, when operations staff in a
manufacturing plant learn how to operate equipment and
carry out a range of tasks to a specific level of competence
under supervision before they full fill their probationary
period and are allowed to work unsupervised. Super-
visors verify when they reach the competency level by
observing, questioning and then verifying the learner has
reached a level of competence and computational systems
are being used to gather and store information on learner
progress using blockchain technology [42]. Blockchain
technologies have been proposed as a way to ensure the
authenticity of the data, allowing an audit trail of activity
that is useful for documenting learning progress [26]. A
blockchain is a distributed record of online activities, or
digital events, which has a consensus method to agree
whether a new ‘block’ is legitimate [54]. This system al-
lows formation of a permanent, distributed record of in-
tellectual effort and reputational reward. A central claim
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is that blockchain ‘democratises’ education by opening
up records of achievement beyond traditional forms of
certification in ways that allow employers to view a wide
range of achievements. Computational systems are not
simply records of achievement.

5 CONCLUDING REMARKS:
FUTURE PROFESSIONAL
LEARNING ANALYTICS

Although in its infancy, professional learning analytics
is set to form a foundation for future learning and work.
Learning analytics are already supporting professionals
in improving their performance. Analysis of these ap-
proaches point to the need to develop systems that sup-
port professionals as they learn through everyday work,
rather than only focusing on analytics systems for profes-
sional courses or work-based training.

Several approaches use machine-based analytics to aug-
ment human intelligence. However, the connection be-
tween the system and the human is a point of risk for a
number of reasons. First, professionals have to be able
to identify and act upon their learning needs, therefore
the ability to self-regulate learning is critical to the suc-
cess of many analytics techniques. Second, without a
parallel shift in the culture and the mindsets of people
within the organisation, learning systems based on ana-
lytics will have limited impact. This is particularly rele-
vant in work settings where task outcomes are difficult
to predict. Learning in these situations is most effective
when integrated with work tasks. Professional learning
analytics can be more powerful when incorporated into
work-integrated systems: platforms that support experts
and novices in co-working, smart systems or augmented
reality environments, such as those described earlier. Fu-
ture implementation of approaches to learning analytics
should consider these human elements.

Finally, there are a range of ethical considerations that
need to be embedded not only within the use of analytics
systems, but to inform their development. By contributing
their data to a system, professionals can benefit from ana-
lytics systems that help them to connect with information,
knowledge and people that can help them learn or carry
out a new task [37]. However, there needs to be better
transparency around how these data are combined with
other datasets and used. If professional learning analytics
is considered as a race, we are still in the starting blocks.
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