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Abstract. Supporting self-regulated learning is an open challenge in
higher education, particularly when assessment takes place in the work-
place over an extended period of time. The myPAL project addresses
this challenge in a medical education context by developing a digital
companion for self-regulated learning. We present multi-faceted learner
modelling methods to discover useful patterns that can inform mentor-
ing interventions for self-regulated learning enabled by workplace based
assessment. Two types of methods – text mining and temporal analyt-
ics – are applied on workplace-based assessment data from a cohort of
first-year medical students. Educators’ feedback provides insights on the
usefulness of these methods to support students’ self-regulated learning
and to give tutors an overview of the placement process.

1 Introduction

Lifelong learning is crucial in the 21ŝt century where most professions demand
adapting to complex and constantly changing contexts, dealing with unfore-
seen challenges, and using an ever growing pool of information. An important
characteristic of lifelong learning is self-regulation — ability to identify one’s
strengths and weaknesses, develop actions for further improvement, and moni-
tor the progress of these actions. Higher education institutions increasingly em-
bed ways to promote self-regulated learning, e.g. by introducing practice-based
learning (e.g. work placements or internships) and providing regular feedback
and self-development help in the form of personal mentoring. However, this ap-
proach does not scale to hundreds and thousands of students. Moreover, students
struggle to understand feedback and develop appropriate action plans, while
mentors are unable to give personalised support due to the lack of holistic view
of their students’ continuous learning engagement and development. This brings
forth a critical challenge to higher education – how to provide effective means to
support self-regulated learning at scale.

The myPAL project presented here addresses this challenge in a medical ed-
ucation context by developing a digital companion for self-regulated learning for
the undergraduate students in Medicine at a large UK university. The project
adopts the quantified self approach – using assessment and feedback data to



foster students’ reflection, self-awareness and action planning [1]. For this, my-
PAL utilises visualisations in the form of open learner models [2], which are
being co-designed with students, clinicians, and tutors. Following research that
open learner models are more effective when accompanied with self-regulation
prompts or dialogues [3,4], we are developing intelligent support that discovers
patterns about the students’ learning which will be helpful to students to trigger
self-regulation, and to tutors to utilise myPAL in their mentoring.

The paper focuses on a specific aspect – workplace-based learning (includ-
ing placements and clinical settings) which is an integral part of a degree in
Medicine or Healthcare. Work placements start in early years and increase as
the students move through their studies. Students are fairly independent in their
choice of workplace-based assessment (WBA) topic and timing, which fosters the
development of strategic decision making and self-regulated learning. However,
this is especially challenging in the early years of medical education, when the
students transition to independent learning. For example, in myPAL co-design
sessions students identified key questions for which they would need support,
such as How am I doing/progressing?, How do I compare to my peers?, Have I
done everything I need to?, What else do I need to do?. The tutors pointed out
the importance of comparing one’s view of their course engagement with their
actual engagement, and with the engagement of the cohort.

To provide such support, we are developing multi-faceted learner modelling
methods to discover useful patterns that can inform mentoring interventions for
self-regulated learning enabled by workplace-based assessment. We investigate
two types of methods to analyse WBA feedback and reflections: text mining and
temporal analytics. Text mining in the educational domains applies to a variety
of text types, such as academic essays [5,6], short answers [7,8], comments [9],
and discussion forum posts [10]. Temporal analytics research has mostly focused
on MOOCs [11,12], and to study the self-regulation process itself [11]. Although
timelines can be used to visualise learner progress, in a review of student-facing
learning analytics reporting [13] they constituted only 3% of the systems. We
add to the growing field of analytics for workplace learning [14] by applying text
mining and temporal analytics methods to the WBA data from a cohort of first-
year medical students. To judge the usefulness of these methods for students and
tutors, we ask for educators’ feedback.

The paper is structured as follows. Section 2 describes the data and general
method. We then present the implementation for text mining (Section 3) and
temporal analytics (Section 4). Section 5 includes the initial feedback from eval-
uators on the usefulness of these methods for self-regulated learning. We finish
with conclusions in Section 6.

2 Data and Method

In this paper we focus on the workplace-based assessment data which is centred
around key clinical skills. Our WBA dataset originates in the myPAL project.
The students’ progress is measured using an ‘entrustability’ scale (from Observe



to Supervise, Initiate and then Peer Teach), expressing higher level of attainment
(and responsibility) in clinical settings3.

Cohort 1st year medical stu-
dents

# assessments 2360
# students 228
Period from 16/01/2017 to

25/06/2017
Av. feedback length 14 tokens
Av. comment length 25 tokens

Table 1: Overview of the Clinical Skills Passport
dataset.

The particular dataset that
we use to develop and eval-
uate analytics methods for
workplace-based assessment
data is one cohort’s Clini-
cal Skills Passport data. The
Clinical Skills Passport (CSP)
is a list of mandatory and op-
tional clinical skills that med-
ical students need to acquire
throughout their degree. For
our experiments we used the
2016/2017 cohort of first year
medical students. This gives
us a whole semester’s worth of
data (although clinical place-

ments in Year 1 take place only in the second semester), while controlling for
small changes in assessment that vary year to year. An overview of the dataset
is provided in Table 1. As students could freely choose the number of assess-
ments they wish to undertake, there are significant differences in assessment
counts between students. A summary of the data fields is presented in Table 2.
During an assessment a student would pick a clinical skill from a pre-defined
list (Title) and a health professional to observe them (Assessor). The assessor
will evaluate the student’s performance according to the entrustability scale (
i.e determine at which level the student is entrusted to perform a skill; e.g. Ob-
serve a cannulation, or take temperature under Direct Supervision) and provide
feedback (AssessorFeedback). The student then needs to reflect on that feedback
(StudentComment) and write an action plan. This process follows exactly the
self-regulated learning cycle.

The goal of analysing the Clinical Skills Passport data is to identify patterns
and processes which can support students’ self-regulated learning. Analytics can
be used in two ways: (i) directly shown to the students, e.g. through a visuali-
sation in an interactive dashboard, and (ii) shown to tutors and administrators
who based on discovered patterns can make interventions. Our methodology
for the myPAL project is based on iterative co-design, which involves all these
stakeholders. For the evaluation of analytics we start with an initial evaluation
by educators. This is so that the educators can filter the data and analytics that
are appropriate to be shown to students.

Level of analysis. We conduct both cohort-level and individual-level anal-
ysis. The cohort-level analysis can help us in implementing individual vs. cohort
comparisons in visualisations, as well as in identifying global patterns which can

3 https://www.medicine.leeds.ac.uk/mbchb/assessment/Expectations/

ExpectationsGuide(poster).pdf

https://www.medicine.leeds.ac.uk/mbchb/assessment/Expectations/ExpectationsGuide(poster).pdf
https://www.medicine.leeds.ac.uk/mbchb/assessment/Expectations/ExpectationsGuide(poster).pdf


Field Data type Description

ID numeric Unique identifier for an assessment instance
CreateDate timestamp Time and date of logging the assessment
StudentID numeric Student’s ID number
Title categorical Title of the clinical skill
Location text Free-text location of the assessment
EntrustibilityScale ordinal Outcome of the assessment
AssessorRole text Type of assessor
AssessorName text Name of assessor
AssessorFeedback text Feedback on the assessment
StudentComment text Student’s response to the feedback

Table 2: Data fields in our dataset.

be of use to tutors and administrators. The individual analysis can be used by
students and tutors.

3 Text Analytics

In this section we describe the implementation of four text analytics methods.
In Table 3 we provide the descriptive statistics summarising the application of
these methods to our dataset, and in Table 4 we give some examples of analytics
output for synthetic assessment data.

Min. Med. Max.

Comment length 0 17 344
Token overlap 0 0 7
Relevant vocabulary 0 0 0.33
Sentiment 0 81 99

Table 3: Descriptive statistics for CSP
dataset.

Comment length. We obtained
the number of tokens (i.e. any non-
whitespace sequences of characters,
such as words, digits, and punctua-
tion) using the NLTK word tokeniser
[15]. The number of tokens for a com-
ment can be plotted on a student’s
WBA timeline. Outliers (very short or
very long comments, cf. Table 3) can
be a trigger for reflection.

Token overlap between feed-
back and comment. Using the
same process of tokenisation, we can

also calculate the overlap between the assessor’s feedback and the student’s
comment on that feedback (i.e. the number of tokens that are the same between
the two texts). The calculation only considers alphanumeric non-stopword to-
kens which have been converted to lowercase. This allows the investigation into
whether students tend to repeat the feedback they received.

Relevant vocabulary. We next investigate whether the student comments
are ‘on-topic’, which we define as using the relevant clinical vocabulary. We used
the title of the clinical skill (e.g. History, Pulse) as the target keywords, and



strictly matched their occurrences in the text (e.g. note that skill Body Mass
Index would not match against BMI in the third example in Table 4). We are
also working on more sophisticated methods, including automatically or semi-
automatically obtaining relevant vocabulary from clinical skill descriptions.

Sentiment. We processed the comment text using the Linguistic Inquiry
and Word Count tool (LIWC; [16]). LIWC counts the occurrences of terms from
nearly 100 grammatical (e.g. pronouns) and lexical (e.g. body) dictionaries. It
also measures sentiment – positive or negative tone of a text (with a range of
values 0–99 with values below 50 indicating negative sentiment). The sentiment
value for a comment can be plotted on a timeline, which would facilitate the
identification of patterns (e.g. outliers, any comments with negative tone).

Text Length Overlap Vocabulary Sentiment

Feedback for clinical skill Body Mass Index: Student was able to calculate BMI

I am now able to calculate the Body Mass In-
dex

10 4 3 25.77

It might be useful to take the measurements
for height and the weight twice to minimize
errors

17 2 0 98.87

I am confident in taking height and weight
measurements to calculate BMI. I would like
to learn about the importance of managing
BMI for different conditions, for example, type
2 diabetes.

35 4 0 99

Table 4: Examples of text analytics output on hypothetical student comments.

4 Temporal Analytics

Burst detection. Students can freely choose when they will undertake a WBA
during their placements. Although they are encouraged to do the assessments
regularly, it is often the case that students decide to do a number of assessments
in a very short period of time (usually on the same day), resulting in a ‘burst’, i.e.
a spike in assessment activity. Such burstiness is being investigated as a possible
indicator of at-risk students. We implemented the burst detection algorithm by
[17], which has been used to analyse bursts in online search queries. It calculates
the moving average for a given time window (in our case set to seven days).
Subsequently, a burst is defined as a time point with a value higher than x
standard deviations above the mean value of the moving average (in our case
it is set to 2 × SD). We applied the burst detection algorithm both globally to
the whole cohort and individually to each student separately. Looking at the



whole cohort (cf. Figure 1a) we identified 10 bursts. The most noticeable bursts
occurred on 28th February and 23rd May. We noted that these corresponded to
the end of placements (and thus students rushing to complete WBA which they
need to obtain a sign-off from the placement supervisor).

(a) Whole cohort
(b) Individual student (bursty)

Fig. 1: Burst detection examples. The solid line is the actual number of assess-
ments. The dotted line is the cutoff. A burst occurs at any time point where the
solid line is above the dotted line.

Process mining. Process mining produces an event log which uses traces
(i.e. unique paths through a task) and generalises them into processes (i.e. com-
mon pathways). It originated in the business domain and is used extensively in
healthcare. We used the bupaR process mining package in R for the processing4.
While process mining has been applied to MOOC data [18], its applicability to
workplace-based assessment data has not been investigated. We are interested
in whether: (i) we can discover any processes in WBA (i.e. do students tend to
follow similar paths?), and (ii) we can gain insights into the WBA process by
querying the event log. The event log of the CSP showed that there is next to
no commonality between student pathways through WBA (225 unique paths for
228 students). The event log can also be queried using a number of pre-defined
metrics. For example, it can provide a summary of the trace lengths (i.e. the
number of assessment per student; cf. Figure 2a), or the percentage of students
that have completed a given clinical skill (cf. Figure 2b).

Fig. 3: Centroids by cluster.

Timeseries clustering. Given
the time series of student assessment
count per day, we want to find out
whether some students show similar
patterns of doing assessments. As we
are looking at time series data we
need a clustering methods suitable for
temporal data. We used the TADPole

4 https://cran.r-project.org/web/packages/bupaR/bupaR.pdf



(a) Number of assessments per student.
(b) Percentage of students to complete a
clinical skill.

Fig. 2: Example visualisations of queries against the CSP event log.

(Time-series Anytime Density Peaks)
clustering algorithm [19]. TADPole
uses dynamic time warping (DTW) to
compare a pair of time series, mak-
ing it well-suited to time series data.
We used the TADPole algorithm im-
plemented in the R package dtwclust5. Because clustering is an unsupervised
method, we do not have a gold standard of labels available for an external eval-
uation. Instead we use a heuristic for internal evaluation of the clustering - we
optimise for high intra-cluster similarity (i.e. high distance between clusters).
Having found the parameters we applied the clustering algorithm to the CSP
time series and obtained three clusters of students. We present the cluster cen-
troids in Figure 3. The two spikes present in the time series are still notable in
the three clusters. However, there are distinctions between the relative sizes of
the spikes in the centroids. For example, students in cluster 2 did a majority of
their assessments at the end of their first placement, and considerably fewer at
the end of their second placement. Cluster 3 displays a similar pattern, but the
difference between the spikes is much smaller. Cluster 1 had a similar assessment
number at the end of both placements.

5 Feedback by Educators

The metrics and analytics methods described in Section 2 were presented to
a group of five educators involved in the myPAL project with the expertise
in clinical education, medicine, psychology, and technology-enhanced learning.

5 https://cran.r-project.org/web/packages/dtwclust/dtwclust.pdf



Each method was described, and an example use case and visualisation was pro-
vided. The educators were asked to provide feedback about the usefulness of
these methods for students and educators, and any comments about possible ex-
tensions of the presented work. A summary of their feedback is included in Table
5. In this section we discuss several issues that arose through this evaluation.

Verdict Analytics Comments from educators

] Comment length On its own not very useful, but might be if we add some
context information.

] Text similarity Not useful right now.
33 Relevant vocabulary Useful, but needs a curated dictionary of relevant key-

words.
] Sentiment Potentially useful with some context (e.g. length of feed-

back, type of clinical skill, achieved entrustibility level).
Possibility to filter (e.g. only negative) would be useful.

3 Burst detection Not shown to students, but useful for tutors.
3 Clustering Potentially useful for course and year leads.
33 Process mining Useful for students, but needs information about expec-

tations (# assessments, entrustibility level).

Table 5: Summary of educators’ feedback on temporal analytics. The verdict
acronyms are: 33 (Useful for Students), and 3 (Useful for Educators), ] (Po-
tentially useful with some further work).

Intended audience. Two analytics methods (relevant vocabulary and pro-
cess mining) were thought to be useful for visualising to students. Further two
methods (relevant vocabulary, burst detection, and clustering) were thought to
be useful for educators (tutors, or for course/year leads). The educators said
that while the information conveyed in the analytics might be useful, it would
be challenging for students to interpret and act on the data. This is one of the
challenges of the Quantified Self approach – making sense, reflecting, and acting
on the data that is visualised. The Quantified Learning Self could be gradually
introduced into myPAL, while in parallel students are taught (during induction
and in meetings with personal tutors) how to interpret their data.

Importance of context. In three instances (comment length, sentiment,
process mining) the educators pointed out the need for WBA context infor-
mation. Some of the suggestions (entrustibility level, type of clinical skill) are
already available as structured data. The challenge for learning analytics is ex-
tracting relevant context information from unstructured data, such as the asses-
sor feedback or the student’s comment. For example, in case of sentiment, the
targets of negative or positive sentiment could be extracted from the feedback,
which could help with action planning the next steps.

Scaffolding. One of the challenges of implementing an adaptive learning
support system is to prevent that system from becoming a crutch for the student.



One of the approaches that address this is scaffolding, i.e. gradually removing the
support system in order to increase students’ autonomy. In myPAL we plan to
use nudges as the support system, which will be gradually changed and removed
as the student progresses. A further challenge lies in whether such scaffolding
should be adaptive as well (which has the risk of unreliably adding or removing
the support), or set externally by educators (which has the risk of adding or
removing the support at the wrong time).

6 Conclusion

The paper presented intelligent methods to discover patterns in workplace-based
assessment data in order to support mentoring for self-regulated learning. The
myPAL project provides the context for this research. As a first level for self-
regulated learning support, myPAL provides visualisations with open learner
models. To further assist the self-regulation, either directly in the system or
by helping the tutors who provide mentoring based on myPAL, we investigated
automated ways to discover work placement patterns based on text analytics
and temporal analytics. Educators’ feedback provides insights on the usefulness
of these methods. In future, we will develop further the text analytics methods,
and evaluate the outputs with a larger cohort of students and tutors.

The work presented here contributes to intelligent mentoring systems re-
search by presenting a study on the feasibility of technology for multi-faceted
learner experience modelling to get sufficient understanding of the learner, their
progress through work placement, and relation to past experiences by other
learners. We also present a prospective application context for mentor-like fea-
tures -– embedded in the system, or provided to tutors who can act as mentors.
Workplace-based assessment is a key enabler for self-regulated learning; we ex-
pect to see many more examples of virtual mentors to support this process.
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