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Abstract

Background: While the application of learning analyticsin tertiary education has received increasing attention in recent years,
amuch smaller number have explored its use in health care-related educational studies.

Objective: This systematic review aims to examine the use of e-learning analytics data in health care studies with regards to
how the analytics is reported and if there is a relationship between e-learning analytics and learning outcomes.

Methods: We performed comprehensive searches of papers from 4 electronic databases (MEDLINE, EBSCOhost, Web of
Science, and ERIC) to identify relevant papers. Qualitative studies were excluded from this review. Papers were screened by 2
independent reviewers. We selected qualified studies for further investigation.

Results: A total of 537 papers were screened, and 19 papers were identified. With regards to analytics undertaken, 11 studies
reported the number of connections and time spent on e-learning. Learning outcome measures were defined by summative final
assessment marks or grades. In addition, significant statistical results of the relationships between e-learning usage and learning
outcomes were reported in 12 of the identified papers. In general, students who engaged more in e-learning resources would get
better academic attainments. However, 2 papers reported otherwise with better performing students consuming less e-learning
videos. A total of 14 papers utilized satisfaction questionnairesfor students, and all were positivein their attitude toward e-learning.
Furthermore, 6 of 19 papers reported descriptive statistics only, with no statistical analysis.

Conclusions: The nature of e-learning activities reported in this review was varied and not detailed well. In addition, there
appeared to beinadequate reporting of learning analytics data observed in over half of the sel ected paperswith regardsto definitions
and lack of detailed information of what the analytic was recording. Although learning analytics data capture is popular, alack
of detail is apparent with regards to the capturing of meaningful and comparable data. In particular, most analytics record access
to amanagement system or particular e-learning materials, which may not necessarily detail meaningful learning time or interaction.
Hence, learning anal ytics data should be designed to record the time spent on learning and focus on key learning activities. Finally,
recommendations are made for future studies.

(J Med Internet Res 2019;21(2):€11241) doi: 10.2196/11241
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Introduction

Learning analytics has been defined [1] as “the measurement,
collection, analysis and reporting of data about learners and
their contexts, for purposes of understanding and optimizing
learning and the environments in which it occurs’; this broad
definition allows the inclusion of virtually anything related to
learning. From a more holistic perspective, Picciano [2]
proposed that learning analytics is a process that can provide
conclusions for decision making through the examination of
data such as for helping colleges and universities to identify
and evaluate strategies for improving the retention of students.
In addition, it can help instructors to decide if an intervention
is needed to assist students.

More recently, the 2016 Horizon Report [3] increasingly
emphasized the usage of Web-based tools and platforms and
described learning analytics as “an educational application of
web analyticsaimed at learner profiling, a process of gathering
and analyzing details of individual student interactionsin online
learning activities.”

While a universal definition of learning analytics has not yet
reached a consensus, there is general agreement that it is a
relatively new [4] and emerging [5,6] tool in academic research,
which can be used to track and store students’ Web-based
learning activities [5,7]. Higher education institutions collect a
vast amount of information from students regarding their use
of e-learning resources in the form of activity logs and other
digital footprints such as time and date, student demographics,
course enrollments, survey questionnaires, library usage, and
academic grades [8]. A wide range of e-learning resources
ranging from administration, assessment, assignment, quiz,
multimedia, to collaboration, to name afew, now can be found
integrated into learning management systems (LMS). Looking
at such learning analytics data can alow researchers to
investigate and examine relations between students’ e-learning
use and academic performance [9].

Furthermore, learning analytics offers a convenient and
potentially accurate method to capture students' interactions
with the e-learning resources, which was not achievable in the
past. Previously, student engagement was measured by class
attendance [10] and self-reported questionnaires. For example,
guestions such as “How frequently do you use X ” [11] would
be administered to acquire information from students about
their e-learning usage. However, self-reported answers havethe
disadvantage of being inaccurate (recall bias). With learning
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analytics, investigators can collect information such asthe exact
number of video watches, and time and date the videos were
viewed.

One of the main practical applications for learning analytics
data is the investigation of students e-learning usage and the
examination of its effect on their academic performance.
Students’ e-learning usage behaviors, such as the number of
log-ins, time spent on e-learning platforms, and use of other
resources, have been studied and found to be positively
associated with academic performance outcomes such as
summative multiple-choice question (MCQ) exam scores
[12,13]. In addition, learning analytics can alow educators to
examine an individual student’s tracked Web-based activities
and search for any at-risk students with one of its predictive
functions, then intervene by providing feedback and instructional
content [5,14,15].

Although learning analytics applications in higher education
have received increasing attention in recent years[5], alimited
number of studies haveinvestigated itsusein health care-related
educational studies. With the acknowledgment of advantages
in learning analytics data, this paper aims to review the use of
learning analyticsin e-learning in health care educational studies
with regards to how it is reported and how this may be related
to learning outcomes.

Methods

Textboxes 1 and 2 present details pertaining to study
populations, interventions, comparisons, and outcomes are
presented in accordance with the PICO (population, intervention,
comparison, and outcome) model [16]. Textbox 3 details the
keywords used in the systematic search of 4 electronic databases
(MEDLINE, EBSCOhost, Web of Science, and ERIC). Theend
search date was August 25, 2017.

We limited the searches to papers that spanned from 2000 to
2017, were involved in tertiary-level education in health
care-related disciplines, and werein English. We excluded gray
literature. In addition, reviews and commentary columns were
discarded, and multiple papers on the same research data were
excluded.

After deleting duplicates, all papersretrieved from theseinitial
search criteriawere subjected to ascreening process by reading
titlesand abstracts. The detailed information regarding the data
type, e-learning content, learning outcome, and key findings
were analyzed.

Textbox 1. Theinclusion criteria based on the PICO (population, intervention, comparison, and outcome) model.

P: Studies that involved undergraduate or postgraduate students in health care-related disciplines (eg, dentistry, medicine, nursing, and pharmacy).

I: Studies that explored learning analytics were included. Owing to the fact that some studies reported learning analytics data but did not specifically
utilizetheterm “learning analytics,” thisreview also included studiesthat used learning management systems, educational technologies, or other tools

that contained digital footprints of students’ e-learning usage.

C: Regarding comparisons, Jin and Bridges [17] suggested that experimental designs should not be considered exclusively because alarge proportion

of educational research in these fields is case-based as well.

O: Studies that mentioned quantitative measurements of learning outcomes, such as student academic performance related to their knowledge or skill

assessment were included.
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Textbox 2. The exclusion criteria based on the PICO (population, intervention, comparison, and outcome) model.

I: Anything other than those included in the inclusion criteria.

C: Studies that involved only qualitative methods were not included.

P: Studies that reported only instructors, staff, or physicians were excluded.

O: Anything that did not mention the word “learning outcome” or “ GPA/grade”

Textbox 3. The database search strategy.

(clinical OR dent* OR med* OR nursing OR pharmacy) AND
(undergraduate OR postgraduate) AND

(education OR learning OR training)

(academic achievement OR academic attainment OR assessment OR GPA or grade or consumption) AND

(educationa technologies OR learning management system OR content management system OR virtual learning environment OR technology enhanced
learning OR learning analytics OR digital footprint OR e-learning OR logs) AND

Results

Principal Results

The search of the 4 databases resulted in 537 papers (Figure 1),
and a total of 337 papers were obtained after the removal of
duplicate results. These were further screened by the same
independent researchers, and 296 papers were excluded because
of not satisfying the inclusion criteria. Based on the content in
abstracts, full texts of 31 potentially effective papers were

Figure 1. Flowchart of the search process.

retrieved and screened, from which atotal of 19 papers met all
the inclusion criteria and were subjected to content evaluation.

L earning Analytics Data Types

A total of 19 studiesreported analytic data based on the number
of connections, time spent, or combinations of these and other
analytic approaches such as the number of forum posts, MCQ
exam scores, and responses of perception questionnaires (ie,
satisfaction). Table 1 summarizesthe types of learning analytics
data among the studies.
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Table 1. Thelist of learning analytics data type.
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Paper Learning analytics datatype

Number of connections

Time spent

Both Number of posts Multiple-choice

question or Likert

Boyeet al [18] O
Catteau et a [19]

Chastonay et al [20] ad

Colthorpe et a [21]

Costa-Santos et a [22] ad

Critchley et al [12]

Davidson and Candy [23] O
DiLullo et al [24] 0

Franson et a [25]

Garrett et al [26]

Gurpinar et a [27] ad

Kleinsorgen et a [28]

Kukolja-Taradi et al [29] ad

Lameriset d [30]

Mahnken et al [31]

Poot et al [13] 0

Reimer et al [32]

Romanov and Nevgi [33]

Saqr et a [34]

O

Of the 19 studies, 7 recorded the number of connections (ie,
log-in or click or hit or visit or access, etc) to the learning
platforms[13,20-22,24,27,29]. Of these, 3 studiesonly recorded
connections to the platform or folder and not the specific
learning items contained within [20,21,24].

Two studies reported only the length of time students spent on
certain e-learning activities such as e-learning animations [18]
and game-based platforms[23]. However, 10 studies used both
the number of connections and length of time spent on the
e-learning activity by students [12,19,25,26,28,30-34] (eg, the
number of connections to the e-platform and the accumulative
time spent completing the Web-based modules [19], or
connections and time on pages of an e-portfolio system [26]).

The Nature of E-L earning Content

The types of e-learning interventions varied widely (Table 2),
with the more commonly used e-learning formats including
videos and animation clips [12,18,19,21,23,24,28,29,32,33],
Web-based text documents (eg, handouts, book chapters, journal
papers, and dlides) [12,19,20,22,24-29], Web-based tests or
quizzes [19,22,27-33], and URL links to external Web-based
resources [22,27-29].

http://www.jmir.org/2019/2/e11241/

RenderX

In particular, 10 papersreported the use of videos, which ranged
from animations and lecture recordings, to laboratory precaution
clips. In addition, 10 papers utilized e-learning content presented
in the form of Web-based text, including but not limited to,
slides, PDFs, text documents, and scanned book chapters. A
total of 10 studies investigated the use of e-assessments (eg,
tests and quizzes), and 4 studies used URL links to external
websites. The magjority (14/19) of the studies used >1 type of
elearning resource, and 5 studies used a single type
[13,18,21,30,31].

Outcome M easures—L earning and Evaluation

The learning outcomes investigated in the studies were limited
to examination or test results with outcomes reported as either
asingle exam score or afinal course grade, which could be a
combination of midsemester exams, written assignments, and
the end-of-semester exam results. Overal, 14 papers
documented learning outcomes (Table 3) as measured by either
an end-of-course exam [ 18,25,27,29,30,32,33] or acombination
with course assessments [12,13,21-23,31,34].
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Table2. Thelist of e-learning content.
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e-Learning content

Paper
Video

Text doc Test or quiz URL Others

Boyeet a [18] O
Catteau et al [19] ]
Chastonay et al [20]

Colthorpe et a [21] O
Costa-Santos et d [22]

Critchley et al [12]

Davidson and Candy [23]

DiLullo et a [24]

Franson et a [25]

Garrett et al [26]

Gurpinar et a [27]

Kleinsorgen et al [28]

Kukolja-Taradi et al [29]

Lameriset a [30]

Mahnken et al [31]

Poot et al [13]

Reimer et al [32]

Romanov and Nevgi [33]

Sagr et al [34]

O o oo o dg O
O oooo o oo o

I I I

O

Five studies did not include objective learning outcomes
[19,20,24,26,28]; of these, 1 reported self-efficacy perception
from students[19], while another paper mentioned it did monitor
assessments and students completed exams [20] but did not
subject these data to any statistical analysis nor descriptive
statistics. The remaining 4 papers did not include any learning
outcome variables in the study designs.

In this study, 14 papers reported student feedback or eval uation
guestionnaires (Table 3), which assessed their satisfaction
toward the e-learning resources [12,13,18-20,22-24,26-30,32]
and wereall positive. For example, Boyeet al [18] reported that
the e-learning was well appreciated by students. Garrett et a
[26] reported students val ued the accessibility and convenience
that came from an electronic portfolio. A total of 9 studies
incorporated both objective learning outcomes and evaluation
questionnaire data[12,13,18,22,23,27,29,30,32].

Statistical Analyses

Of 19 papers, 5 reported only descriptive statistics
[20,23,24,26,32]. The remaining 14 studies [12,13,18,19,21,
22,25,27-31,33,34] performed additional statistical analyses,
including the Mann-Whitney U-test [18,21,27,33], Student t
test [21,27,31,33], regression (linear, multiple, or logistic)
analyses [12,18,25,30,34], analysis of variance (univariate
analysis of variance and multivariate analysis of variance)
[13,22,30,31], and correlation tests (Pearson and Spearman)
[19,31,34].

http://www.jmir.org/2019/2/e11241/

Relating L earning Analytics Data to L earning
Outcomes

With regards to the relationship of learning analytics data to
objective learning outcomes, 12 of 13 studies demonstrated
significant results [12,13,18,19,21,22,25,29-31,33,34], as
presented below. One study [19] only anadyzed students
learning analytics on their self-efficacy responses as a
replacement of learning outcome.

Within the Cohort Relationship of Learning Outcomes
and Learning Analytics Data

Perhaps, the most meaningful examination of learning analytics
is how it relates to learning outcomes. In a study examining
radiology students' consumption of “e-cases,” a significant
correlation was found between their “improvement in
knowledge” (pre- and postcourse assessments) and the number
of e-cases accessed for those who chose to access e-cases
(r=0.50, P=.003) and those who were required to access (r=0.46,
P=.008) [31].

In a blended learning course for “introductory medical
education,” thefirst-year medical students’ frequency of log-ins
to access the LM S was found to have the strongest correlation
with their final grade (r=0.47, P<.01). The second strongest
correlation to the final grade was the number of attempts that
students took the formative quiz (r=0.46, P<.01), and the third
was students' formative assessment grades (r=0.43, P<.01) [34].
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Table 3. Reported learning outcomes, self-evaluations, and statistical tests.
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Paper

Learning outcome (final exam Evaluation (satisfaction)

Statistical test (eg, learning out-

or grade) come versus e-learning)
Boyeet a [18] g ad
Catteau et al [19] Self-efficacy O ]
Chastonay et al [20] O Descriptive
Colthorpe et a [21] ad ad
Costa-Santos et d [22] g O ad
Critchley et al [12] ad ad ad
Davidson and Candy [23] O O Descriptive
DiLullo et a [24] ad Descriptive
Franson et a [25] g ad
Garrett et al [26] ad Descriptive
Gurpinar et a [27] g O ad
Kleinsorgen et al [28] ad ad
Kukolja-Taradi et al [29] O O O
Lameriset a [30] ad ad ad
Mahnken et al [31] g ad
Poot et al [13] 0 O 0
Reimer et a [32] O O Descriptive
Romanov and Nevgi [33] ad ad
Sagr et a [34] O a

In astudy in which case-based e-learning scenarios were used
to assist medical students in learning anesthesia diagnostic
decision making, learning analytics data, such as the number
of students’ completed e-cases, were recorded in an LMS. It
was found that students’ marks in the final MCQ test (r=0.21,
P<.05), as well as 2 graded case reports (r=0.25, P<.01 and
r=0.30, P<.01), were significantly correlated to their second
attempt in completing the e-cases and the number of log-ins
they made to the LMS (MCQ: r=0.18, P<.05; case report 1:
r=0.24, P<.01; and case report 2: r=0.32, P<.01) [12].

In a study concerning a “Teaching Resource Centre (TRC)
database” for clinical pharmacology, researchers performed a
regression analysis and found that students in 2 separate
academic years could increase their grades by 32% (P<.001)
and 55% (P<.001) with more time spent on accessing the
“database” [25].

Similarly, Boye et al [18] found that students with intermediate
scores in their immunology tests improved their outcome by
3.6% for every hour of watching animated e-learning clips
(P=.005) from regression analysis to their learning analytics
data

Within the Cohort Comparison of Learning Outcomes
and Learning Analytics Data

Most studiesin thisreview wereinterested in finding differences
inlearning outcomes from different groups of studentsaccording
to their learning analytics records. Researchers would group
students according to the e-learning usage intensity and looked
for between-group differences. In astudy [21] examining video

http://www.jmir.org/2019/2/e11241/

consumption by physiotherapy or speech pathology students, a
marked difference was observed between the groups of high
and low “performers.” The high or low performer categorization
was defined by considering arange of students' accessto lecture
recordings, “meta-learning” tasks, student submission dates of
assignments, and assignment and course grades through cluster
analysis. Perhaps counterintuitively, studentswho “ performed”
better academicaly were found to have watched lesser
Web-based lecture video recordings than students who
performed poorer (P<.05). Furthermore, the paper reported that
higher “performers” achieved a higher course grade than lower
“performers’ (P<.001).

Costa-Santos et a [22] stratified medical students’ Web-based
“mini-test” grade results as low, medium, and high and found
significantly different outcomes between these on their final
exam grades in the biostatistics (P<.001) and medical
informatics (P<.001) modules. Furthermore, they observed that
the average grades on the final exam were higher when the
“mini-test” results were higher.

In a Web-based course about “acid-base balance in humans,”
it was reported that medical students’ “knowledge gain” was
significantly improved (P<.001) by the e-course [29]; thiswas
determined by students’ “knowledge gain” based on pre- and
posttest scores. Furthermore, frequencies of “students’ logs”
and students' visited pages were recorded; however, no
statistical analysis was performed relating to the learning
outcomes.
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A study examining completed modules on an internet-based
app found that medical students classified as moderate (P=.04)
and intensive users (P<.001) scored significantly higher than
nonusers on the final exam [30]. Each module contained only
MCQs, and the study aimed to determine whether a formative
testing approach would be effective in stimulating students’
study performance. The classification of nonuser or moderate
or intensive was defined by counting the number of modules
completed.

In a physiology course where students created and answered
peer-generated questions, studentswho logged into the platform
showed significantly higher scoresin asummativetest compared
with those who did not log on to the platform (P=.001) [13].
While the number of questions created and answered was
recorded, these were not tested for their association with
summative test scores.

In another study, medical informatics students who watched
Web-based videos had significantly higher final exam scores
when compared with nonvideo-watchers (P=.007) [33].
Neverthel ess, the frequencies of video watcheswere documented
from students’ self-administered questionnaires and were not
recorded digitally.

While most papers had shown significant results, Gurpinar et
al [27] and Mahnken et al [31] reported otherwise. Gurpinar et
al [27] created a website with several pages that contained
various e-learning resources. The frequencies of page visits
were recorded and it was found that medical students who
visited the pages during problem-based | earning period exhibited
dightly higher exam marks than those who did not visit any
pages;, however, the result was not statistically significant
(P=.12).

Mahnken et al [31] did not find asignificant difference (P=.54)
in “improvement in knowledge” (pre- and postcourse
assessments) between radiology students who viewed e-cases
and those who did not; thisis despite the finding that within the
stratum of e-case consumers, marked correlations with
“improvement in knowledge’ were found for both groups of
students who were required and not forced to consume the
€-Cases.

Discussion

Principal Findings

Prior educational studies utilizing learning analytics data in
nonhealth care disciplines have reported improvements in
learning outcomes with increased e-learning interactions
[35-37]; these studies have supported the use of e-learning
materials as effective in improving students academic
performance. Thefindings are congruent with the datafrom the
health care disciplines.

The majority of papers reviewed in this study utilized >1 type
of e-learning material, with videos, Web-based documents, and
quizzes being the 3 most common; this reflects a diversity of
needs and functionalitiesamong course designersin health care
curricula. For example, showing a video can provide easier
understanding than adescription in thetext of acomplex concept

http://www.jmir.org/2019/2/e11241/
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or clinical procedure. Conversely, presenting awritten document
may be more concise than other means of multimediae-learning
content. Woodham et al [38] found that students preferred a
text-based format and believed that the use of video slowed
their pace to review and appraise the learning materialsin their
problem-based learning curriculum. As aresult, providing the
required content appropriately and efficiently for students' use
may increase their engagement in e-learning use. Based on the
diverse formats of e-learning (ie, video, PDF, quiz, etc) and the
combinations of these used, themost effective e-learning formats
to support learning has not been determined. Hence, further
research is needed.

While the majority of studies found that assessed learning
outcomeswereimproved by using e-learning resources, 2 papers
reported insignificant findings but did not explain why this
occurred [27,31]. A possible reason could be that students in
these 2 studies did not become more knowledgeable with the
provided e-learning materias; this may be because the
conventional in-class teaching was sufficient or the Web-based
materials were not aligned to the assessment outcomes and,
therefore, did not support the learning outcomes.

Although most papers reported a positive relationship between
more e-learning usage and better academic attainment, there
were 2 that reported otherwise. While Boye et al [18] observed
a dight increase in students’ grades through the watching of
more animated e-learning videos, this was only for students
with intermediate scores. Students with either good or weak
academic grades did not appear to benefit. They reasoned that
students with better academic performance might already be
inclined to study more through conventional means, such as
books, lectures, or tutorial sessions, limiting any potential
additional benefit from supplementary e-learning materials. In
contrast, weaker students may try to compensate for their lack
of participation during regular teaching sessions by spending
more time with the e-learning materials in “the last minute”
prior to examinations. In addition, Colthorpe et a [21] showed
that better performing students watched lesser videos than
inferior students. They reasoned that students with greater
understanding of the learning materials may not consume the
video content as they have already mastered it. From this, we
may infer that watching more videos may not lead to better
learning outcomesfor particular students, especialy if students
do not see the purpose or meaning for their learning.

Students’ satisfaction with Web-based learning materials was
attributed to its ease of access[22], aswell asits usefulness as
a “complement” to lectures [32] and a “good supplement” to
regular teaching [ 18]. Studentsfelt that e-learning could increase
competence in the subject [13].

Aside from descriptive and diagnostic analytics, higher levels
of learning analysis, such as predictive analysis (ie, regression
and modeling), could be used to apply learning analytics data
within the scope of students need. For example, Purdue
University’s Signals project is, perhaps, the most famous
example of the successful application of learning analytics
predictive modeling to identify at-risk students. By providing
areal-time “red or amber or green traffic light” to students and
teachers based on the data collected from the LMS, learning
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analytics can helpinidentifying studentswho are at risk so that
help and support could be provided to them [39-42]. Teachers
can then target interventions ranging from emailing those who
are at risk to referring them to academic advisors or meeting
them face-to-face [39]. In another case, the University of
Alabama developed a model to predict student retention rate
by using freshmen's Web-based data records with various
parameters such as students' English course grades, total hours
earned, and their demographics information [5,43]. These are
just afew examples of learning analytics applicationsin higher
education. It is predicted that in the coming years, learning
analytics will be widely implemented in Web-based education
to identify the patterns of student behaviors for improving
students' learning and their retention rates [5].

Variations of L earning Analytics Variables

In this review, a diverse range of learning analytics data was
reported, making comparisons between the studies at the least
difficult. In addition, there was ambiguity with regards to the
interpretation and definitions of the learning analytics data. For
example, “log-ins’ was not clearly defined if it related to the
duration of log-ins or the number of successful log-ins[12]. It
isimportant for future studies to standardize and include clear
definitions of such key variables to facilitate comparisons.

The most common learning analytics parameter documented
wasthe number of connectionsto a specific e-learning material.
However, some only recorded connections to folders of
resources such as webpages containing multiple e-learning
resources. For example, Colthorpe et al [21] deposited all of
their teaching videos into a single folder for which they
registered the frequency of access, and Franson et al [25] tracked
students’ access to “TRC database material,” which included
schematic graphics, explanation texts, and feedback questions,
rather than each type of resource individualy. Therefore, we
do not have a clear picture of what learning materials students
are actually engaging with. It would be preferable to record
accessto individual e-learning resources, asthiswould provide
more preci se data regarding the effectiveness and popularity of
each document. Furthermore, this would allow differentiation
between accessing e-learning materials as opposed to log-ins
for viewing other included documents, such as timetables or
course announcements, which would not be considered learning
materials.

Another way used to analyze students' engagement of e-learning
was the time they spent on tasks. Nevertheless, the majority of
studies, except Boye et a [18] and Franson et a [25], did not
provide sufficient details on how this parameter was recorded.
Boye et a [18] reported that each student’s individual access
to an e-learning animation was recorded at 10-second intervals,
and when students had stayed idle for >3 minutes, the tracking
mechanism would stop until another action was taken. Franson
et al [25] applied filters to time spent on their “TRC database
material” such that a too short engagement (3 seconds) was
considered not to be meaningful. Likewise, greater than the
anticipated duration (6 minutes) suggested nonstudy activities.
However, the total time spent on a task may provide limited
information, as this may simply be an open webpage not being
read or a playing video not being watched. Furthermore, this
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would neither necessarily reflect the actual physical presence
of students nor cognitive engagement.

A total of 8 studies documented the frequency of messages
posted in forums. However, the value of such learning analytics
data was questionable, as it does not reflect the quality of the
discussion students created. As such, unlessthe quality of forum
postsis monitored and assessed, the benefit of simply registering
the quantity of postsisin doubt. Therefore, an assessment rubric
isrequired that can evaluate the quality of the discussion posts.

From the above, we can assert that detailing of learning analytics
data needs to be improved so that research studies can allow
meaningful outcomes and interpretations. Furthermore, diverse
analytics need to be recorded for the individual types of
e-learning resources, as well as a way of capturing active
engagement with the content.

Recommendations

This review observed diverse approaches in recording and
defining learning analytics data of students’ e-learning use. The
varied and imprecise nature of learning analytic data that has
been used in the current studies does not help further our
understanding of how Web-based |earning hel ps students learn
and how we can use the anayticsto help students at risk. Hence,
amore detailed and precise approach to analytics and e-learning
research is required to answer these questions.

From an examination of this literature and an analysis of its
shortcomings, we propose the following recommendations:

« Learning anaytics data should include well-defined terms
and conditions used to describe data collected.

« A detailed collection of individual e-learning items should
be performed, as opposed to merely platform log-ins or
folder connection frequencies to gain greater knowledge
regarding learner engagement.

«  Thelength of time spent by studentson e-learning materials,
should be recorded when appropriate for certain e-learning
resources. For instance, the collection of data.on the amount
of a video watched is now possible with many LMS and
even on YouTube. Conversely, time analysis of access to
a PDF document would not be appropriate.

« A mechanismto identify idletimein an e-learning activity
may be appropriate to identify when students are not
engaged with learning by way of analyzing keystrokes,
mouse use, or video playback and pause buttons.

«  Coursedesignersand researchers need to plan their learning
objectives and how these map to in-class and Web-based
learning activities. To truly identify the benefits of
e-learning, some materials should be exclusively focused
on one particular course learning objective, and students
should be informed this will not be covered in-class and
that thislearning objective will be assessed. Thiswill drive
consumption of the learning materials and will also allow
more meaningful outcome analysis of elearning to
assessment outcomes, asit isnot knownif in-classlearning
may be merely duplicating Web-based learning. This
requires careful design and planning as to how e-learning
is effective and how it helps the course objectives.
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«  Course designers and researchers also need to consider the
best delivery mode of the Web-based |earning material, and
as of yet research has not answered this question. Ideally,
alearning taxonomy needsto be used to classify the nature
of thelearning objective (ie, understanding, analysis, critical
thinking, etc) and this in turn also needs to be mapped to
the e-learning material. With such mapping, researchers
will be ableto build understanding about which knowledge
domainisbest suited for which e-learning presentation type.

- Indicators asto how cognitively engaged students are with
the Web-based learning materials are desirable, as the use
of elearning does not necessarily ensure cognitive
engagement. For example, there is a need to test
understanding that can be achieved by questions embedded
with videos or as standalone assessments to Web-based
learning resource; this will help assess understanding of
the material as a proxy for engagement.

- Furthermore, course designers may want to look for ways
to motivate students to consume the e-learning materials
in a more spaced manner rather than at the last moment.
Studies have reported that students' use of e-learning
materials were crammed days before exams. Therefore,
there may be aneed to space smaller assessmentsover time
during the course, which may facilitate consumption and
learning.

- Another possible motivator to engage students' learning
with electronic resources may be a personal anaytics
dashboard to let students see their current activity in
e-learning usage and how this comparesto others; this may

Table4. Anexample of learning analytics of avideo e-learning study.
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motivate lower consumers to consume more to help keep
them on track.

« A particular and significant point on the relation of
e-learning analytics to learning outcomes may actually be
that all we are doing is measuring the motivation of students
and not the benefit of e-learning. Well-motivated students
will succeed in virtually any learning environment and,
therefore, we may well not be measuring the impact of the
e-learning experience. Our efforts should, therefore, be
targeted at identifying students who are underperforming
in consumption of the e-learning materials and identifying
how to motivate or support them. Thisisthe next challenge
for researchers.

Table 4 provides a concise table suggesting several points one
might consider for examplein studying video e-learning through
learning analytics.

Conclusions

This systematic review of e-learning health care education
supports the genera literature that greater consumption of
e-learning as recorded by |learning analytics generally supports
learning outcomes. However, the detail and nature of the studies
were heterogeneous both in learning analytics data and in
e-learning content. More detailed and more focused research is
required to help understand how e-learning, learning analytics,
and learning outcomes can be more effective and in how they
help students learning. Recommendations have been proposed
for future course designers and researchers to create content
and provide evidence for meaningful e-learning and support of
all learners as this pedagogical approach grows further.

Suggestion Example
WEell-defined variables and «  Reporting individual video access. (a) Number of times video A iswatched; (b) Number of timesvideo B is
conditions watched; (c) Duration of video A being played; (d) Duration of video B being played
«  Preciseconditionsin recording: (a) <3 minutes between consecutive clicks of videos would not be counted; (b)
<5 seconds of duration in playback would not be counted
Exclusive materials «  Exclusive learning materials via e-learning (not overlapping with in-class materials)

« Informing students the e-learning materials would be tested

Mapping learning taxonomy
critical thinking

When creating videos, one may consider classifying into: (a) Video A isfor understanding; (b) Video B isfor

Multiple-choice questions to be embedded within the videos, such that students need to answer them to continue

Engaging cognitively .

watching
Facilitate consumption and «  Space smaller assessments over time during the course
learning .

Personal analytics dashboard showing consumption status and allowing comparisons with the rest of the class

Conflicts of Interest
None declared.

References

1. SiemensG. Learning Analytics & Knowledge. New York, USA: ACM; 2011 Presented at: 1st International Conference
on Learning Analytics and Knowledge; February 27-March 1, 2011; Banff, Alberta URL : https.//tekri.athabascau.cal

analyticy/

http://www.jmir.org/2019/2/e11241/

JMed Internet Res 2019 | vol. 21 | iss. 2| €11241 | p. 9
(page number not for citation purposes)


https://tekri.athabascau.ca/analytics/
https://tekri.athabascau.ca/analytics/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chan et d

2. Picciano AG. The Evolution of Big Dataand Learning Analyticsin American Higher Education. OLJ 2012 Jun 18;16(3):9-20.
[doi: 10.24059/0lj.v16i3.267]

3. JohnsonlL, AdamsBS, Cummins M, EstradaV, Freeman A, Hall C. NM C Horizon Report: 2016 Higher Education Edition.
Austin, Texas: The New Media Consortium; 2016.

4.  Goldie JGS. Connectivism: A knowledge learning theory for the digital age? Med Teach 2016 Oct;38(10):1064-1069. [doi:
10.3109/0142159X.2016.1173661] [Medline: 27128290]

5. Nunn S, AvellaJT, Kanai T, Kebritchi M. Learning Analytics Methods, Benefits, and Challenges in Higher Education: A
Systematic Literature Review. OLJ 2016 Jan 10;20(2):13-29. [doi: 10.24059/0lj.v20i2.790]

6. ToppsD, Helmer J, Ellaway R. YouTube as a platform for publishing clinical skillstraining videos. Acad Med 2013
Feb;88(2):192-197. [doi: 10.1097/ACM.0b013e31827¢c5352] [Medline: 23269305]

7. Alturki UT, Aldraiweesh A, Kinshuck D. Evaluating The Usability And Accessibility Of LMS*Blackboard” At King Saud
University. CIER 2016 Jan 15;9(1):33-44. [doi: 10.19030/cier.v9i1.9548]

8. deFreitasS, Gibson D, Du Plessis C, Halloran B, Williams E, Ambrose M, et a. Foundations of dynamic learning analytics:
Using university student datato increase retention. Br JEduc Technol 2014 Oct 15;46(6):1175-1188. [doi: 10.1111/bjet.12212]

9. CarusoJ EDUCAUSE Center for Applied Research. 2006 Sep 12. M easuring student experienceswith course management
systems URL : https://cse.sc.edu/~buell/References/ ComputingHigherEdMi sc/ERB0619. pdf [accessed 2018-05-08] [WebCite
Cache ID 6zFp6nAuZ]

10. Broadbent J. Academic success is about self-efficacy rather than frequency of use of the learning management system.
AJET 2016 Jul 04;32(4):38-49. [doi: 10.14742/5jet.2634]

11. KamusV, RealoA, Siibak A. MOTIVESFOR INTERNET USE AND THEIR RELATIONSHIPSWITH PERSONALITY
TRAITS AND SOCIO-DEMOGRAPHIC FACTORS. Trames 2011;15(4):385-403. [doi: 10.3176/tr.2011.4.04]

12. Critchley LAH, Kumta SM, Ware J, Wong JW. Web-based formative assessment case studies: rolein afinal year medicine
two-week anaesthesia course. Anaesth Intensive Care 2009 Jul;37(4):637-645 [FREE Full text] [Medline: 19681426]

13. Poot R, deKleijn RA, van Rijen VM, van Tartwijk J. Students generate items for an online formative assessment: Is it
motivating? Med Teach 2017 Mar;39(3):315-320. [doi: 10.1080/0142159X.2017.1270428] [Medline: 28024432]

14. Next Generation Learning Challenges. 2010. Underlying Premises: Learner Analytics URL: https:/library.educause.edu/
~/medialfiles/library/2010/10/nglc003-pdf.pdf [accessed 2018-05-08] [WebCite Cache ID 6zFqrC4mu]

15. JohnsonL, SmithR, WillisH, Levine A, Haywood K. The 2011 Horizon Report. Austin, Texas: The New Media Consortium;
2011.

16. Cook DA, West CP. Conducting systematic reviews in medical education: a stepwise approach. Med Educ 2012
Oct;46(10):943-952. [doi: 10.1111/j.1365-2923.2012.04328.x] [Medline: 22989128]

17. JinJ, Bridges SM. Educational technologiesin problem-based learning in health sciences education: a systematic review.
JMed Internet Res 2014 Dec 10;16(12):€251 [FREE Full text] [doi: 10.2196/jmir.3240] [Medline: 25498126]

18. BoyeS, Moen T, Vik T. An e-learning course in medical immunology: doesit improve learning outcome? Med Teach
2012;34(9):e649-e653. [doi: 10.3109/0142159X.2012.675456] [Medline: 22497322]

19. Catteau C, Faulks D, Mishellany-Dutour A, Collado V, Tubert-Jeannin S, Tardieu C, et a. Using e-learning to train dentists
in the development of standardised oral health promotion interventions for persons with disability. Eur J Dent Educ 2013
Aug;17(3):143-153. [doi: 10.1111/eje.12024] [Medline: 23815691]

20. Chastonay P, Zesiger V, Moretti R, Cremaschini M, Bailey R, Wheeler E, et a. A public health e-learning master's programme
with afocus on health workforce development targeting francophone Africa: the University of Geneva experience. Hum
Resour Health 2015 Aug 13;13:68 [FREE Full text] [doi: 10.1186/s12960-015-0065-8] [Medline: 26268723]

21. ColthorpeK, Zimbardi K, Ainscough L, Anderson S. Know thy student! Combining learning analytics and critical reflections
to develop atargeted intervention for promoting self-regulated. JLA 2015;2(1):134-155. [doi: 10.18608/j1a.2015.21.7]

22. Costa-Santos C, Coutinho A, Cruz-CorreiaR, FerreiraA, Costa-Pereira A. E-learning at Porto Faculty of Medicine. A case
study for the subject 'Introduction to Medicine'. Stud Health Technol Inform 2007;129(Pt 2):1366-1371. [Medline: 17911937)

23. Davidson SJ, Candy L. Teaching EBP Using Game-Based L earning: Improving the Student Experience. Worldviews Evid
Based Nurs 2016 Aug;13(4):285-293. [doi: 10.1111/wvn.12152] [Medline: 27028987]

24. DiLullo C, MorrisHJ, Kriebel RM. Clinical competencies and the basic sciences: an online case tutoria paradigm for
delivery of integrated clinical and basic science content. Anat Sci Educ 2009 Oct;2(5):238-243. [doi: 10.1002/ase.97]
[Medline: 19670214]

25. Franson KL, Dubois EA, de Kam ML, Cohen AF. Measuring learning from the TRC pharmacology E-L earning program.
Br JClin Pharmacol 2008 Jul;66(1):135-141 [FREE Full text] [doi: 10.1111/j.1365-2125.2008.03167.x] [Medline: 18507664]

26. Garrett BM, MacPhee M, Jackson C. Evaluation of an eportfolio for the assessment of clinical competencein abaccalaureate
nursing program. Nurse Educ Today 2013 Oct;33(10):1207-1213. [doi: 10.1016/j.nedt.2012.06.015] [Medline: 22789875]

27. Gurpinar E, Zayim N, Ozenci C, Kemal M. First report about an e-learning application supporting PBL: Students' usages,
satisfactions, and achievements. The Turkish Online Journal of Educational Technology 2009;8(2):55-62 [ FREE Full text]

28. Kleinsorgen C, Kankofer M, Gradzki Z, Mandoki M, Bartha T, von Kéckritz-Blickwede M, et al. Utilization and acceptance
of virtual patientsin veterinary basic sciences - the vetVIP-project. GMS JMed Educ 2017;34(2):Doc19 [FREE Full text]
[doi: 10.3205/zma001096] [Medline: 28584867)

http://www.jmir.org/2019/2/€11241/ JMed Internet Res 2019 | vol. 21 | iss. 2 | €11241 | p. 10

(page number not for citation purposes)


http://dx.doi.org/10.24059/olj.v16i3.267
http://dx.doi.org/10.3109/0142159X.2016.1173661
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27128290&dopt=Abstract
http://dx.doi.org/10.24059/olj.v20i2.790
http://dx.doi.org/10.1097/ACM.0b013e31827c5352
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23269305&dopt=Abstract
http://dx.doi.org/10.19030/cier.v9i1.9548
http://dx.doi.org/10.1111/bjet.12212
https://cse.sc.edu/~buell/References/ComputingHigherEdMisc/ERB0619.pdf
http://www.webcitation.org/

                                            6zFp6nAuZ
http://www.webcitation.org/

                                            6zFp6nAuZ
http://dx.doi.org/10.14742/ajet.2634
http://dx.doi.org/10.3176/tr.2011.4.04
https://aaic.net.au/PMID/19681426
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19681426&dopt=Abstract
http://dx.doi.org/10.1080/0142159X.2017.1270428
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28024432&dopt=Abstract
https://library.educause.edu/~/media/files/library/2010/10/nglc003-pdf.pdf
https://library.educause.edu/~/media/files/library/2010/10/nglc003-pdf.pdf
http://www.webcitation.org/

                                            6zFqrC4mU
http://dx.doi.org/10.1111/j.1365-2923.2012.04328.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22989128&dopt=Abstract
http://www.jmir.org/2014/12/e251/
http://dx.doi.org/10.2196/jmir.3240
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25498126&dopt=Abstract
http://dx.doi.org/10.3109/0142159X.2012.675456
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22497322&dopt=Abstract
http://dx.doi.org/10.1111/eje.12024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23815691&dopt=Abstract
https://human-resources-health.biomedcentral.com/articles/10.1186/s12960-015-0065-8
http://dx.doi.org/10.1186/s12960-015-0065-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26268723&dopt=Abstract
http://dx.doi.org/10.18608/jla.2015.21.7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17911937&dopt=Abstract
http://dx.doi.org/10.1111/wvn.12152
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27028987&dopt=Abstract
http://dx.doi.org/10.1002/ase.97
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19670214&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2125.2008.03167.x
http://dx.doi.org/10.1111/j.1365-2125.2008.03167.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18507664&dopt=Abstract
http://dx.doi.org/10.1016/j.nedt.2012.06.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22789875&dopt=Abstract
https://www.researchgate.net/publication/200140318_First_report_about_an_e-learning_application_supporting_PBL_Students'_usages_satisfactions_and_achievements
http://dx.doi.org/10.3205/zma001096
http://dx.doi.org/10.3205/zma001096
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28584867&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chan et d

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Kukolja-Taradi S, Dogas Z, Dabi¢ M, Drenjancevic Peri¢ |. Scaling-up undergraduate medical education: enabling virtual
mobility by online elective courses. Croat Med J 2008 Jun;49(3):344-351 [FREE Full text] [Medline: 18581612]
LamerisAL, Hoenderop JGJ, BindelsRIM, Eijsvogels TMH. Theimpact of formative testing on study behaviour and study
performance of (bio)medical students: a smartphone application intervention study. BMC Med Educ 2015 Apr 10;15:72
[FREE Full text] [doi: 10.1186/s12909-015-0351-0] [Medline: 25889923]

Mahnken AH, Baumann M, Meister M, Schmitt V, Fischer MR. Blended learning in radiology: is self-determined learning
really more effective? Eur J Radiol 2011 Jun;78(3):384-387. [doi: 10.1016/j.ejrad.2010.12.059] [Medline: 21288674]
Reimer S, Hornlein A, Tony H, Kraemer D, Oberiick S, Betz C, et a. Assessment of a case-based training system
(d3weh.Train) in rheumatology. Rheumatol Int 2006 Aug;26(10):942-948. [doi: 10.1007/s00296-006-0111-x] [Medline:
16432685]

Romanov K, Nevgi A. Do medical students watch video clipsin eLearning and do these facilitate learning? Med Teach
2007 Jun;29(5):484-488. [doi: 10.1080/01421590701542119] [Medline: 17885978]

Sagr M, ForsU, Tedre M. How learning analytics can early predict under-achieving studentsin ablended medical education
course. Med Teach 2017 Jul;39(7):757-767. [doi: 10.1080/0142159X.2017.1309376] [Medline: 28421894]

Zhang D, Zhou L, Briggs RO, Nunamaker JF. Instructional video in e-learning: Assessing the impact of interactive video
on learning effectiveness. Information & Management 2006 Jan;43(1):15-27. [doi: 10.1016/j.im.2005.01.004]

Rodgers T. Student engagement in the e-learning process and the impact on their grades. International Journal of Cyber
Society and Education 2008;1(2):143-156 [FREE Full text]

Donkin R, Askew E. An Evaluation of Formative “In-Class’ versus “E-Learning” Activities to Benefit Student Learning
Outcomesin Biomedical Sciences. Journal of Biomedical Education 2017 Sep 13;2017:1-7. [doi: 10.1155/2017/9127978]
Woodham LA, Ellaway RH, Round J, Vaughan S, Poulton T, Zary N. Medical Student and Tutor Perceptions of Video
Versus Text in an Interactive Online Virtual Patient for Problem-Based Learning: A Pilot Study. J Med Internet Res 2015
Jun 18;17(6):e151 [FREE Full text] [doi: 10.2196/jmir.3922] [Medline: 26088435]

Arnold KE, Pistilli MD. Course signals at Purdue: using learning analytics to increase student success. In: LAK '12
Proceedings of the 2nd International Conference on Learning Analytics and Knowledge. New York: ACM; 2012 Presented
at: Second International Conference on Learning Analytics and Knowledge; 2012 April 29 - May 02; Vancouver, BC,
Canada p. 267-270. [doi: 10.1145/2330601.2330666]

Buckingham-Shum S, Ferguson R. Social learning analytics: five approaches. Journal of Educational Technology & Society
2012;15(3):3-26 [FREE Full text] [doi: 10.1145/2330601.2330616]

Dietz-Uhler B, Hurn JE. Using learning analytics to predict (and improve) student success: A faculty perspective. Journal
of Interactive Online Learning 2013;12(1):17-26.

Lonn S, Aguilar SJ, Teasley SD. Investigating student motivation in the context of alearning analytics intervention during
asummer bridge program. Computers in Human Behavior 2015 Jun;47:90-97. [doi: 10.1016/j.chb.2014.07.013]
Campbell JP, DeBloisPB, Oblinger D. Academic analytics: A new tool for anew era. EDUCAUSE Review 2007;42(4):40-57
[EREE Full text]

Abbreviations

LMS: learning management system
MCQ: multiple-choice question
TRC: Teaching Resource Centre

Edited by G Eysenbach; submitted 07.06.18; peer-reviewed by B Arnoldussen, C Perrin; commentsto author 22.08.18; revised version
received 28.08.18; accepted 28.08.18; published 13.02.19

Please cite as:

Chan AKM, Botelho MG, Lam OLT

Use of Learning Analytics Data in Health Care-Related Educational Disciplines: Systematic Review
J Med Internet Res 2019;21(2):€11241

URL: http://www.jmir.org/2019/2/e11241/

doi: 10.2196/11241

PMID: 30758291

©Albert KM Chan, Michad G Botelho, Otto LT Lam. Originally published in the Journal of Medical Internet Research
(http://lwww.jmir.org), 13.02.2019. Thisis an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete

http://www.jmir.org/2019/2/€11241/ JMed Internet Res 2019 | vol. 21 | iss. 2 | 11241 | p. 11

(page number not for citation purposes)


http://www.cmj.hr/2008/49/3/18581612.htm
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18581612&dopt=Abstract
https://bmcmededuc.biomedcentral.com/articles/10.1186/s12909-015-0351-0
http://dx.doi.org/10.1186/s12909-015-0351-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25889923&dopt=Abstract
http://dx.doi.org/10.1016/j.ejrad.2010.12.059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21288674&dopt=Abstract
http://dx.doi.org/10.1007/s00296-006-0111-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16432685&dopt=Abstract
http://dx.doi.org/10.1080/01421590701542119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17885978&dopt=Abstract
http://dx.doi.org/10.1080/0142159X.2017.1309376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28421894&dopt=Abstract
http://dx.doi.org/10.1016/j.im.2005.01.004
https://www.researchgate.net/publication/238074291_Student_engagement_in_the_e-learning_process_and_the_impact_on_their_grades
http://dx.doi.org/10.1155/2017/9127978
http://www.jmir.org/2015/6/e151/
http://dx.doi.org/10.2196/jmir.3922
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26088435&dopt=Abstract
http://dx.doi.org/10.1145/2330601.2330666
https://www.researchgate.net/publication/254463043_Social_Learning_Analytics_Five_Approaches
http://dx.doi.org/10.1145/2330601.2330616
http://dx.doi.org/10.1016/j.chb.2014.07.013
https://er.educause.edu/articles/2007/7/academic-analytics-a-new-tool-for-a-new-era
http://www.jmir.org/2019/2/e11241/
http://dx.doi.org/10.2196/11241
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30758291&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chan et d

bibliographic information, alink to the original publication on http://www.jmir.org/, aswell asthis copyright and licenseinformation
must be included.

http://www.jmir.org/2019/2/€11241/ JMed Internet Res 2019 | vol. 21 | iss. 2 | 11241 | p. 12
(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

