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Abstract. Scholarly interests in developing personalized learning analytics dashboards 
(LADs) in universities have been increasing. LADs are data visualization tools for both tea-
chers and learners that allow them to support student success and improve teaching and 
learning. In most LADs, however, a teacher-centric, institutional view drives their designs, 
treating students only as passive end-users, which results in LADs being less useful to stu-
dents. To address this limitation, we used a card-sorting technique and asked 42 students 
at a university in Northern Ireland to construct dashboards that reflect their priorities. 
Using a situated theory of learning as a lens and with the help of multiple qualitative meth-
ods, we collected data on what constitutes useful dashboards. Findings suggest that situ-
ated learning data sets, such as information on how students learn by talking and listening 
to others in their communities, need to be integrated into LADs. Students preferred to see 
the inclusion of qualitative narratives, self-directed learning data and financial information 
(money spent versus resources utilized) in LADs. As well as raising new questions on how 
such LADs could be designed, this study challenges institutional overreliance on measur-
able digital footprints as proxies for academic success. We call for recognizing the wider 
social learning that happens in landscapes of practice so that LADs become more useful to 
students.

Open Access Statement: This work is licensed under a Creative Commons Attribution-NonCommercial- 
NoDerivatives 4.0 International License. You are free to download this work and share with others, 
but cannot change in any way or use commercially without permission, and you must attribute this 
work as “INFORMS Transactions on Education. Copyright © 2023 The Author(s). https://doi.org/10. 
1287/ited.2023.0289, used under a Creative Commons Attribution License: https://creativecommons. 
org/licenses/by-nc-nd/4.0/.” 

Keywords: personalization • student-led design • student engagement • customized design • learning analytics dashboards •
situated theory of learning

1. Introduction
As interests in exploiting the wealth of educational 
data generated by e-learning and web-based technolo-
gies for improving teaching and learning in higher 
education institutions (HEIs) increase across the globe 
(Waheed et al. 2018, Matcha et al. 2019), creating learner- 
centered designs and personalized dashboards has also 
gained considerable attention in the field of learning 
analytics (Lee et al. 2020, Valle et al. 2021). A learning 
analytics dashboard (LAD) “aggregates different in-
dicators about learner(s), learning process(es) and/or 
learning context(s) into one or multiple visualisations” 
(Schwendimann et al. 2016, p. 37) so that teachers and 
learners can make sense of data at a glance (Few 2013), 
reflect on their practices, become better in their respec-
tive roles, and improve teaching and learning (Verbert 

et al. 2014, 2020). Generally, institutions collect data on 
students and their learning contexts unobtrusively from 
a range of data sources and provide engagement in-
dicators through LADs. The benefits of LADs include 
enhanced information, improvement of learning out-
comes, refinement of contents, development of data- 
driven courses, identification and prediction of students 
at risk, providing real-time feedback, improved conver-
sations with personal tutors, closer monitoring of team 
assessment behaviors, optimization of teaching and 
learning processes, and personalization of learning 
(Banihashem et al. 2018, El Alfy et al. 2019). However, 
scholars (de Quincey et al. 2019, Selwyn 2019) lament 
that most of the LADs are teacher-facing and the stu-
dents’ voice is absent in decision making about learning 
analytics (LA), thus ignoring the priorities and needs of 
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students (West et al. 2020). This neglect results in low 
student use of LADs, which, in turn, diminishes the 
promise of LA as an enabler of deep learning (Kitto et al. 
2017). Consequently, toward engaging students in the 
decision-making process about LA and to design LADs 
that better reflect students’ reality, we asked students to 
identify data sources that they consider to be relatively 
more meaningful than those currently used in HEIs (e.g., 
attendance records or library usage data). Our motiva-
tion is based on the evidence that students’ active 
engagement in LAD data set identification not only moti-
vates them, but also affects their learning behavior posi-
tively (de Quincey et al. 2019) and improves the transfer 
of learning (Molenaar et al. 2020). Two research ques-
tions guided our empirical efforts: 

1. Which of the author-identified data sets are per-
ceived as important for student-facing LADs?

2. What additional student-generated data sets are 
perceived as important in LADs?

We make two contributions. First, in response to the 
criticism that most LADs lack theoretical foundations for 
their style and substance (Rogers et al. 2016, Jivet et al. 
2018, Matcha et al. 2019), we use a situated theory of learn-
ing (Lave and Wenger 1990, Wenger 1999) as a lens and 
extend our understanding of situated learning–inspired 
data sets for LAD designs. This theory assumes that stu-
dent groups share common interests in academic achieve-
ment or career success; they learn how to achieve those 
goals more effectively as they interact regularly in a speci-
fic socio-temporal context. In these groups, learning hap-
pens openly, informally, spontaneously, and incidentally 
as students help each other and share information with 
each other. Learning becomes a part of an everyday activ-
ity that is fluid, situated, and social and that is not confined 
to lecture halls and institutional systems. By adopting this 
theoretical perspective, we enable students to evaluate a 
wide range of data sets commonly used in LAD studies 
(e.g., time spent on watching video lectures). Thus, we 
shed light on a new set of data sets that are perceived as 
important for inclusion in student-facing LADs. We 
make an evidence-based case for situated-learning 
LADs that are theory-inspired and story-integrated.

Second, with the help of a card-sorting technique, 
we reveal students’ complex learning behaviors. Demon-
strating the specifics of using a card-sorting technique—a 
gap identified in the literature (Sarmiento et al. 2020)— 
we call for LADs that better reflect learners’ social con-
texts and their everyday needs and priorities. In doing so, 
we provide a caution that offering genuine control and 
oversight to students in designing their own LADs might 
be more complex and challenging to implement in uni-
versities. We alert researchers to the fact that institutional 
overreliance on systems-based digital footprints as prox-
ies for academic success may mean that we never fully 
capture the learning behaviors of students, who increas-
ingly engage in self-directed, socially situated learning.

As a first step in this paper, we present the theoretical 
context of the study. We then describe our study design, 
analysis, and empirical findings. We conclude with a 
discussion on the implications and further directions of 
LAD design research.

2. Literature Review
The term “learning analytics” refers to “the measure-
ment, collection, analysis and reporting of data about 
learners and their contexts, for purposes of understand-
ing and optimising learning and the environments in 
which it occurs” (Siemens and Long 2011, p. 34). This 
study is about the reporting stage of the LA process. We 
focus on students’ perspectives on LA dashboards so 
that students’ needs are placed at the heart of LAD 
designs. A review (Viberg et al. 2018) confirms that 
there is a shift toward a deeper understanding of stu-
dents’ learning experiences in LA. As part of this shift, 
HEIs explore ways of providing students with access 
to the learning data that they generate when engaged 
in campus-based learning so that fresh opportunities, 
which encourage students’ agency, sense making, and 
reflection, are created for them. To this end, a field of 
research on student-facing LADs has gained promi-
nence among LA researchers (Avella et al. 2016). In 
these dashboards, information tracing and digital foot-
prints are aggregated and visually presented to stu-
dents to enhance learning. Over the years, scholars 
propose frameworks and guidelines for designing LADs 
(e.g., Aljohani et al. 2019, Matcha et al. 2019), and many 
share their implementation experience (Kim et al. 2016, 
Chen et al. 2018). Nonetheless, reviewers continue to 
call for designs that are more meaningful to students so 
that, by having real-time access to relevant behavioral 
data, it could be possible to increase student awareness, 
reflection, and achievement (Bodily and Verbert 2017) 
as many LADs fail to motivate students who have dif-
ferent academic achievement levels (Kim et al. 2016), 
and they are not used (Bodily et al. 2018). Therefore, 
there are calls for more extensive, thorough, and rigor-
ous research as a foundation for effective student-facing 
LADs (Roberts et al. 2016, 2017; Teasley 2017; Lim et al. 
2019).

In response to these calls, researchers explored ways 
of designing dashboards that instruct students on what 
is useful to them and when they need it, also highlight-
ing the actions students should take (Echeverria et al. 
2018, Park and Jo 2019). What these student-facing 
LADs might look like and how they can combine the 
functions of various systems, also allowing extreme 
customization and displaying meaningful recommen-
dations for each one, are questions that are yet to be 
fully answered. However, some reviews offer a clue to 
such designs. Bodily and Verbert (2017), in a review of 
94 LAD studies, conclude that the following data 
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sources are displayed in most LADs: “resource use” 
(the number of times students accessed course materials 
– 76%), “assessment data” (students’ academic perfor-
mance – 36%), “social interaction data in online 
environments” (students’ engagement with the course 
blog and discussion board – 35%), “time spent data” 
(how long students accessed course materials – 31%), 
“other sensor data” (information gathered from sensors, 
such as face recognition, or biometric sensors – 7%), and 
“manually reported data” (students track and report 
their own performance data – 5%). Although these data 
sources may be useful to students to some extent, the 
reviewers confirm the need for integrating new data 
sources and conclude that future “research should focus 
on the impact of adding additional data sources to these 
systems” (Bodily and Verbert 2017, section 4.2). Schuma-
cher and Ifenthaler (2018) establish the features that stu-
dents really expect from LA: namely, features that 
support their planning and organization of learning pro-
cesses (e.g., an integration of a personal schedule), pro-
vide self-assessments (e.g., real-time feedback), deliver 
adaptive recommendations (e.g., a customized prompt 
for task completion), and produce personalized analyses 
of their learning activities (e.g., comparison with fellow 
students). Another study indicates that features that 
help students perform better by recommending specific 
actions are favored by them (Rets et al. 2021). Sarmiento 
et al. (2020) advise that addressing issues of power 
imbalance and creating an equitable space for creative 
thinking are critical when engaging students as LAD 
designers. Broughan and Prinsloo (2020) go further to 
indicate that students should be seen as “equals” in this 
process. Our study builds on this small but growing 
number of empirical works. Next, we highlight the prob-
lematic understanding of learning that underpins most 
LAD studies and argue that a situated theory of learning 
might help us identify a range of newer data sources.

2.1. Why Have a Situated Theory of Learning in a 
Learning Analytics Study?

When reviewing the current data sets used in dashboard 
designs, most LAD studies tend to assume that learning 
is an individual process that is an outcome of classroom- 
based, teacher-centric activity of depositing contents on 
to students and that can be best understood by a close 
observation of the digital footprints that a student leaves 
in university-based platforms. However, as researchers 
and teachers, we recognize that a different kind of learn-
ing takes place among students, and in line with the situ-
ated theory of learning (Wenger 1999), learning is as 
much a part of the learner’s human nature as breathing 
and speaking. Learning, as a social phenomenon, hap-
pens as they engage in the collective process of learning 
in a shared domain of human endeavor, referred to as 
communities of practice. Students define their identity 
in their peer groups, build relationships on virtual 

platforms, adopt routines as members of a degree pro-
gram, find meaning in student communities, learn prac-
tices in groups, and help each other solve problems 
creatively and more casually. Through continued par-
ticipation in authentic social interactions and through 
regular engagement with peers, they learn, often unin-
tentionally, wherever they are and whenever they can. 
They build relationships among each other through col-
laborative groupwork opportunities and learn from 
one another. Over time, as a community of practice, 
they develop a way of acting, behaving, or thinking 
that is shared by all members of the group. In sum, as 
social learners, they learn what is meaningful to their 
careers and lives (the “what” aspect of learning), often 
supplementing their course material by adopting a 
collaborative approach (the “how” aspect of learning) 
and in spaces that are more open, virtual, networked, 
and connected (the “where” aspect of learning).

This theoretical perspective challenges the institu-
tional practice of using readily available data (such as 
lecture attendance) as proxies for student learning and 
holds promise to advance LA research and practice. To 
our knowledge, there is limited evidence for studies 
that explicitly adopt the situated theory of learning as a 
lens to explore dashboard design features. Wong et al. 
(2019), in their systematic review of learning theories’ 
application in 164 LAD papers published over a seven- 
year period, identify only one study (Carter and Hund-
hausen 2016) that adopts the situated, social theory 
of learning, which is used to explore a social program-
ming environment. However, the authors use the theory 
only to examine student-to-student interactions within 
a closed, module-specific online environment. Although 
that study usefully concludes that student–student in-
teractions can differentially affect grades, they fail to ex-
plore how contemporary students’ needs and their 
wider social learning influence LAD designs (not their 
intended research purpose). This is not to suggest that 
the social learning is ignored in LA literature.

Many authors (e.g., Shum and Ferguson 2012, de 
Laat and Prinsen 2014) promote social learning analyt-
ics: an area that focuses on understanding student con-
nectivity and the development of social relationships 
and how this data can promote learning through social 
interaction. However, many LAD researchers using 
social learning analytics (e.g., Joksimović et al. 2015, 
Kaliisa et al. 2019), despite their social-constructivist ori-
entation, define social presence narrowly and use what 
students do within institutional online environments— 
an “intrinsically social form of analytics” (Ferguson 
2012)—as proxies for academic success (Hernández- 
Garcı́a et al. 2015, Chigne et al. 2016, Popescu and Leon 
2018). Many of these authors fail to view learning 
spaces as dynamic, democratic, distributed, and open 
entities produced by formal and informal social prac-
tices (Bayne et al. 2014). Although these studies are 
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effective in predicting the academic success of some stu-
dents in specific modules, their proxies ignore the learn-
ing that happens in the macrolevels and mesolevels, in 
open social contexts outside a module, through stu-
dents’ active participation in peer groups, communities, 
and professional networks as they pursue their com-
mon goals and develop self-identity in informal envir-
onments of coaching and mentoring—“socialised 
analytics” in Ferguson’s (2012) words.

To summarize, previous research on student-facing 
LADs ignores the needs and priorities of students, 
often uses all-too-familiar proxies for tracking and mea-
suring academic performance, fails to provide new 
data sets that might help to produce more useful LAD 
designs, and mostly lacks an articulation of a relation-
ship between the learning theory that is applied and 
findings that are revealed. Therefore, recognizing the 
social learning practices of students, we explore what 
student-focused LADs look like from the perspective of 
students as social learners.

3. Institutional Context
Our university is a research-led institution in Northern 
Ireland with a successful record of utilizing predictive 
analytics for effective teaching, student retention, and 
decision making (Jaffrey 2019). It also places high value 
on student engagement in teaching and learning and 
invests resources in amplifying the student voice across 
its structures. With a view to enabling students to better 
monitor their own behaviors and performance, the uni-
versity wanted to create student-friendly LADs. There-
fore, we sought to understand what data sets students 
might want to see in student-focused LADs so that they 
are perceived as useful and relevant. At this time, stu-
dents had not encountered any LADs, presenting us 
with an opportunity to learn about students’ percep-
tions. As part of a larger study that examines students’ 
perspectives on ethics, emotions, and design preferences 
in LA (Joseph-Richard and Uhomoibhi 2021, Joseph- 
Richard et al. 2021), we explored the following research 
questions from the point of view of students as social 
learners: 
• Which of the author-identified data sets are per-

ceived as important for student-facing LADs?
• What additional student-generated data sets are 

perceived as important in LADs?

4. Methodology
4.1. Research Plan, Ethics Approval, and 

Pilot Study
In this multimethod qualitative study, we used three 
data-collection strategies: 2 focus groups, 16 semistruc-
tured interviews, and 3 paired interviews to capture stu-
dents’ perceptions on unique aspects of LADs in three 
sequential stages over a period of four months. We 

illustrate the entire research process of this study along 
with the many decisions we made during this four- 
month period in a flowchart (see Figure 1) and describe 
it in this section.

Situated learning theory was used to operationalize 
our data-collection processes. Our approach enabled us 
to examine (1) the meaning of particular contexts within 
which students learn, (2) how the contexts influence 
their learning, (3) unanticipated phenomena and influ-
ences that emerge spontaneously in open-ended conver-
sations in ways that structured surveys cannot replicate, 
(4) the process by which learning takes place in particu-
lar situations, and (5) complex causal relationships (in 
this case, the varying and interacting causes of students’ 
situational learning) (Maxwell 2012). Our team consisted 
of the two authors who have expertise in the subject 
material and have experience using various qualitative 
methods, a learning technologist—a systems expert, 
and two research assistants who were trained in data- 
collection and analysis techniques. A health and well- 
being officer was available during the data-collection 
procedures to support students if required although her 
services were not needed during this study. On obtain-
ing the institutional ethics committee’s approval and 
in line with British Educational Research Association 
(2018) ethical guidelines, we conducted a pilot study 
that included a focus group discussion with four under-
graduates. After an introduction, we asked them what 
kinds of data they wanted to see in LADs. Having only 
limited knowledge of LA/LADs, they were not able 
to voluntarily suggest data sets or how they could be 
designed. This is not surprising as others report such ex-
periences with students (Bennett 2018). With this experi-
ence, in line with the social constructivist stance, we 
wanted them to engage in a small interactive exercise 
based on the card-sorting technique to elicit their per-
ceptions of LADs; this is known to be effective as a 
knowledge-elicitation tool (Wood and Wood 2008). Be-
cause good design requires partnership and user partici-
pation (Holtzblatt and Beyer 2012), the card-sorting 
method used in this study is, therefore, deemed suitable.

4.2. Background to the Card-Sorting Method
Card-sorting techniques (Rugg and McGeorge 2005) are 
effective ways of eliciting variation and commonality in 
research participants’ categorizations of features they 
perceive in a set of entities, such as cards, pictures, or 
objects. Although card-sorting techniques were rela-
tively underutilized prior to 2018 (Viberg et al. 2018), the 
subject has recently attracted scholarly attention (Al-
varez et al. 2020, Vezzoli et al. 2020); nevertheless, its 
“implementation [still] requires attention and specifi-
cation” (Sarmiento et al. 2020, p. 1). Hence, we provide a 
rather more elaborate description of this method to serve 
as a tutorial to novice LA researchers. Card sorting 
involves asking participants to sort labeled cards into a 
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Figure 1. The Timeline of the Participatory Design Process: 3 Methods, 42 Participants, 21 Card Sorts 
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hierarchy, groups, or categories, using a single criterion 
or a set of criteria. Card-sorting techniques are simple- 
to-use, user-centered techniques focusing on the termi-
nology of participants (rather than that of researchers and 
experts) and known to elicit the semitacit knowledge that 
traditional interviews and questionnaires cannot access 
(Fincher and Tenenberg 2005). Users of these techniques 
assume that people make sense of the world by categoriz-
ing it, describing their own categorization of the world 
with reasonable validity and reliability “although people 
are not always able to do this” (Rugg and McGeorge 
2005, p. 95) as revealed in our pilot study and, hence, the 
need for checking our assumptions in LAD studies. 
As participants categorize entities externally, researchers 
assume that their constructions reflect their internal, men-
tal representation of how they experience, perceive, and 
imagine their world along with their kinesthetic capabili-
ties (Rugg and McGeorge 2005). Thus, card sorts serve as 
an effective explorative tool in eliciting participants’ sub-
jective, often semitacit understanding about certain as-
pects of phenomena in the world and their relationships 
to one another (Rugg and McGeorge 2005). It is recom-
mended that participants have about 20–30 cards for 
managing the procedure. We decided to use “repeated 
single-criterion sorts,” a method recommended by Rugg 
and McGeorge (2005) for flexibility, ease of implementa-
tion, and utility in eliciting user beliefs and perceptions on 
various aspects of their worlds (Upchurch et al. 2001, 
Nawaz 2012). In our study, students sorted a set of cards 
repeatedly, each bearing a name of a data set (e.g., atten-
dance data), using a single criterion (e.g., usefulness) each 
time. The next section details our procedures of applying 
the card-sorting technique.

4.3. Card-Sorting Procedure
Based on our review of the literature on student-facing 
LADs (e.g., Bennett 2018, Schumacher and Ifenthaler 
2018, Sedrakyan et al. 2018), we identified a comprehen-
sive list of 22 different data sets used in current LAD 
literature. In line with the published definitions, we 
labeled these “author-identified data sets” (such as an 
attendance record and library usage data) and created 
22 A5-sized cards. We left several cards blank so that 
students could create their own labels. The names of the 
data sets were self-explanatory, but to help participants’ 
understanding of each data type, we also provided a 
short definition for each label. In Table 2, all data sets 
used in this study are grouped for ease of reference based 
on their familiarity to many LAD designers and practi-
tioners along with their academic sources (Table 1).

We numbered the cards on the reverse for recording 
the results at the end of the procedure. We prepared an 
instruction sheet to make it clear what we expected the 
participants to do and help the research team instruct 
participants. At the start, we asked students to look at 
the cards as a whole set before sorting them out, so they 

were aware of the kinds of data sets they could consider 
for sorting. We provided additional explanation for clar-
ification. In line with our first research question, we 
asked them to assemble the chosen cards on a table 
based on perceived “usefulness” as a criterion and ex-
plained that they should use only those cards that they 
considered important for an LAD and abandon those 
that were less useful. To reduce the time involved in the 
statistical analysis of a sematic distribution and drawing 
from Jahrami et al. (2009), we suggested using a struc-
ture representing an importance continuum, which 
helped them rank the chosen cards (Figure 2).

In this structure, we assume the cards on the extremes 
at the top and bottom rows to represent the strongest 
views and those in the middle to contain the moderate 
views on the chosen criterion: utility. For example, if the 
“students’ grades” card is placed in the top row and the 
“building usage” card is in the bottom row, then their 
positions on an imaginary vertical axis represent students’ 
preference for viewing their grades as the most important 
data set and building usage as the least important data set 
on a student-facing LAD. Data sets that are placed in the 
middle row represent students’ neutral preference for 
those that are at the edges. Because a single criterion, util-
ity, is prescribed as the basis for the sorts, we did not attri-
bute any specific meaning to the cards that were placed 
on a horizontal axis from left to right. We encouraged par-
ticipants to use this structure strictly when assembling 
their sorts, enabling us later not only to count the number 
of times a card is perceived as useful, but also to compare 
students’ preferred priority positions for the cards across 
all card sorts. Participants were observed and notes taken. 
Once an assembly was stabilized, we photographed the 
card sort (Figure 3).

4.4. A Three-Stage Implementation
As seen in Figure 1, we implemented this study in three 
stages.

4.4.1. Stage 1: Postgraduates. We recruited postgradu-
ate students enrolled in business and management degree 
programs during the academic year 2018–2019. Thirty- 
one postgraduate students from one cohort agreed to take 
part in two focus group interviews. Using a maximum 
variation sampling strategy, we purposefully selected 
(n� 20) volunteers who assured us they were comfortable 
sharing ideas about learning. During this stage, in the 
interest of accommodating postgraduate students’ in- 
campus availability, we conducted two focus groups, 
having 10 volunteers available at the same time in two 
different sessions during lunch breaks in the same place 
(following guidelines from Morgan 2019). They received 
an information sheet detailing the study and signed con-
sent forms prior to the sessions. Upon clarifying students’ 
views on LA, we explained the types of data collected in 
universities and how LADs could use these data sets to 
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Table 1. Author-Identified and Student-Generated Data Sets

Set number Label Explanation Authors

Author-identified data sets
Commonly collected learning analytics data

Card 1 Attendance records Physical presence in lectures You (2016)
Card 2 Assessment tasks Data on timely completions/submission 

of assessments
Jovanovic et al. (2017) 

Pedro et al. (2019)
Card 3 Online resource use Log-ins, time spent on course, online 

engagement
Bos and Brand-Gruwel (2016)

Card 4 Group work engagement Event log of students’ group work Sedrakyan et al. (2014)
Card 5 Grades Grades achieved (program-level data) Tabuenca et al. (2015)
Card 6 In-group comparison Benchmarking data against classmates Bennett (2018)
Card 7 Library history eBook access, borrowing history, journal 

access
Junco and Clem (2015)

Card 8 Using social network tools within LMS Analysis of online social interactions and 
time spent

Kaliisa et al. 2019

Card 9 Module-level, individual feedback Module-level marks with text-based 
feedback

Bodily and Verbert (2017)

Preexisting business analytics data in many universities
Card 10 Prior educational data Previous school, exam results, grades Sclater et al. (2017) 

Wong et al. (2019)
Card 11 Social background data Home address, accommodation, family 

background
Card 12 Demographic info Age, gender, ethnicity, first in family to 

attend university
Card 13 Fee status/domicile/nationality Home student, international student, visa 

expiry information, etc.
Card 14 Module selection history Performance of alumni who studied the 

module
Wong et al. (2019)

Card 15 Within course comparison Program-level position
Card 16 Trends in students’ progression between 

years
Students with similar profile—how they 

performed in the past academically
Situated theory of learning-related data sets (less frequently collected in universities)

Card 17 In-campus engagement Participation in student groups, 
societies/nations

Adapted from Sclater et al. (2017) 
Wang et al. (2014) 
Giannakos et al. (2020)Card 18 Off-campus activity Students’ self-reported data on how they 

spend time off-campus (when and on 
what)

Card 19 Sports center visits Physical training data, mindfulness 
sessions data, time spent on 
networking

Card 20 Building usage data Time spent on campus; facilities used for 
networking

Card 21 Health and fitness data Data feeds from health and fitness apps, 
biometric data (reported by students)

Card 22 Student voice Student union rep, course rep roles, NSS 
data, student evaluation

Situated theory of learning-inspired data sets (student-generated)
Card 23 Financial information Money spent so far versus resources 

used by student and earning potential 
of a module if successfully completed

Labels generated by participants

Card 24 Part-time work info Hours spent working during academic 
year

Card 25 DIY learning Time spent in informal, self-initiated 
learning via cloud-based media tools

Card 26 Networks created LinkedIn connections, industry links/ 
contacts

Card 27 Mentoring hours Hours spent in coaching/mentoring 
sessions at work

Note: DIY, do it yourself; LMS, learning management systems.
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support their learning. The focus group had two key 
questions: (1) If you could design a student-focused LAD, 
what data sets need to be present in them? (2) Based on 
your study habits and learning routines, what other addi-
tional data sets would you like to see in the LADs? 
Follow-up questions were used only to elicit more speci-
fic, in-depth information.

All participants in each of the focus groups worked 
together in one card sort, using one set of cards. We 
needed to set ground rules and give more detailed 
introductions about LA. As we had identified through 
the pilot study that students were unable to categorize 
their world easily, we defined all the data sets, parti-
cularly for international students (the majority), by 
using multiple examples and metaphors that cut across 
racial, regional, national, and socioeconomic bound-
aries. Pre-exercise discussions on their learning habits 
took around 45 minutes, bringing to light several inter-
esting and unusual collaborative learning practices 
(explained later). During the exercise, the participants 
of the first focus group made use of the blank cards. 
Three different students proposed five new data sets, 
which everyone agreed to include after thoughtful dis-
cussion. These include “financial information” (money 
spent so far versus resources used by students and earning 
potential of a module if successfully completed), “part- 
time work info” (hours spent working during academic 
year), “DIY learning” (time spent in informal, self-initiated 
learning via cloud-based media tools), “networks created” 
(LinkedIn connections, industry links/contacts), and 
“mentoring hours” (hours spent in coaching/mentoring 
sessions at work). These newly created cards were added 
to the original set of cards for use by the first focus group 
and in all subsequent sessions.

Once the group finalized the card sort, we used a post-
sort discussion to learn more about the “why” behind 
their constructions. We pointed to two or three items at 
random (e.g., prior education data, historical module data, 
and building usage in Figure 2) and asked them why they 
considered them more or less useful than the other set. 
This procedure, known as dyadic and triadic elicitation, 
respectively (Rugg and McGeorge 2005), allowed us to 
further refine students’ perceptions on the card sorts. 
Then, to answer research question 2, we asked them to 
explain why they created the five additional data sets in 
their constructions. A research assistant handled logistics, 
took notes, observed seating arrangements, and moni-
tored the audio-recording process. We facilitated both 
events, which took approximately 130 minutes each, and 
concluded the sessions with a summary. The entire focus 
group session happened during the card-sort exercise, 
and the postexercise interviews were audio-recorded.

4.4.2. Stage 2: Individual Interviews with Undergradu-
ates. In stage 2, we purposively sampled 20 of the 
undergraduates who responded to our invitation, using Ta
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a maximum variation strategy. For practical reasons, 
after two failed attempts to organize focus groups, they 
opted to participate in individual interviews. Only 16 
students attended the interviews during lunch breaks. 
We conducted the interviews, using the same questions 
and procedures as in stage 1; two research assistants 
were present, managing the whole process and observ-
ing postsort discussions and taking notes.

4.4.3. Stage 3: Paired Interviews with Undergraduates. 
After the 16th one-to-one interview, some more under-
graduates volunteered to take part in the study, not as 
individuals, but as pairs. Students convinced us that they 
normally do their reading and prepare for assessments in 
pairs. Because our focus, as qualitative researchers, was to 
fully understand the nature of social learning that occurs 
in students from their own perspectives and their be-
havior aligns well with the theoretical lens we used, our 
qualitative approach allowed us to shift our original 
design as acknowledged in Creswell and Creswell (2018). 
As part of the emergent design, we decided to conduct 
paired interviews following the procedures of Wilson 
et al. (2016). These interviews were conducted in the same 
place when the pairs were available, using the same ques-
tions we employed in stage 2. The difference was that, rel-
atively, we spent less time discussing their social learning 
practices. The pair coconstructed one sort, using the same 
set of cards, including the five newly created cards. The 
research assistant recorded their conversations for later 

analysis, and as they did the sorting, we observed the 
nonverbal cues of the dyad and their interactions. When 
they encountered a difference of opinion in arranging 
the cards, they reconciled the conflicts with empathy 
and trust, allowing us to hear each of their perspectives. 
After the final sorts were photographed, the pairs re-
mained available for a postsort interview. Data saturation 
occurred during this third paired interview. No one dur-
ing stages 2 and 3 engaged in creating new data sets, but 

Figure 2. The Suggested Structure of Importance Continuum 
Used in Card Sorting 

Figure 3. Photographed Record of Two Card Sort Samples 
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they rationalized that the cards at their disposal had con-
tained all the topics that mattered to them. A professional 
firm transcribed all recordings verbatim.

4.5. Data Analysis
Our data comprised photographs of the card sorts; tran-
scripts of card-sorting sessions; post–card sort conversa-
tions with individuals, pairs, and focus group participants; 
and handwritten notes from the lead researchers and the 
assistants. Our sample (see Table 2) contained male (43%) 
and female (57%) students: they were relatively young 
(range 18–36), had studied various business and manage-
ment subjects (i.e., human resources management, mar-
keting, innovation and enterpreneurship) within the 
business school as undergraduates (52%) and postgradu-
ates (48%), and had direct industry work experience (range 
2–10 years). In terms of their mode of study, among the 
postgraduate students who participated in stage 1, 80% of 
them studied part-time, and only 20% of them were in full- 
time study. However, among the undergraduates who 
engaged in stages 2 and 3, all of them were in full-time edu-
cation. In terms of their origin, across the total sample, 52% 
of them were international students and the rest were 
home students (48%). More specifically, among the post-
graduates who engaged in the stage 1 focus groups, 90% of 
them (n� 18) were international students (n� 2 (Europe), 
n� 9 (Asia), n� 3 (Middle East), n� 2 (Africa), n� 2 (Amer-
icas)). In contrast, among the undergraduates who partici-
pated in stages 2 and 3, only four were international 
students from different parts of the world (one Serbian 
female, one Nigerian male, one Japanese female, and one 
Pakistani male). These individuals represented different 
and diverse social, religious, cultural, and linguistic back-
grounds, representing the rich diversity of student popula-
tions that is typical of the university. During the three 
stages of the data-collection process, the participants cre-
ated 21 different constructions, in total, either in focus 
groups (n� 2), individually (n� 16), or in pairs (n� 3), and 
all of them had unique structures of their own.

Our analysis included merging, connecting, and em-
bedding data (Creswell and Clark 2017) collected sequen-
tially. Integrations occurred during the analytical process, 
and it culminated in the writing process. We then orga-
nized the results and the discussion sections around the 
substantive issues dealt with in the research (and not 
around the methods we used). In a preliminary stage, we 
as a team familiarized ourselves with the data by reading 
the transcripts in several team meetings. Then, in line 
with the guidelines provided in Rugg and McGeorge 
(2005), we content-analyzed the themes arranged in the 
participants’ constructions. Content analysis in qualitative 
studies involves establishing a set of categories and then 
counting the number of instances the data sets fall into 
each category (Silvermann 2020). Because all card sorts 
relate to a single phenomenon (i.e., personalized LAD), 

we considered all card sorts obtained from individuals, 
pairs, and groups together in this analysis. We scanned 
the distribution of data sets within each assembly and 
across all 21 card sorts. Analytical questions helped our 
counting process: “How many students ranked the same 
data set as their top priority?” “How much agreement is 
there between respondents about which data sets go in 
which rank when using the ‘utility’ criterion for dash-
board designs?” We listened to the recorded audio con-
versation when reading the transcripts and scanning the 
card sorts as this process helped us consider the explana-
tions provided for each data set. We used frequency 
counts to determine the number of times each of the data 
sets was prioritized and then codified the counts as pat-
terns. This content analysis process permitted the com-
parison of the perspectives of students who do not share 
a common language or culture because of their lack of 
exposure to LADs.

We observed no difference in the patterns created by 
individuals, pairs, and groups. We identified the top 
and bottom five data sets ranked by the participants. We 
organized the quantitative results by displaying them 
along with the qualitative quotes that explain why stu-
dents ranked specific data sets in certain ways in their 
constructions (Table 3). Then, we thematically analyzed 
(Clarke et al. 2015) the postsort discussion data and 
grouped them in light of the students’ justifications of 
how situated learning practices influenced their learning 
practices. We read the supplemental qualitative data 
captured in our notes and embedded them in the full 
sets of transcripts in order to understand how the exer-
cise unfolded in real time. In this analytical integration, 
we noted how a comment was made (intensity and emo-
tion), how often (frequency), and by how many students 
(extensiveness). To enhance the validity and reliability 
of our study, we used researcher triangulation, team vet-
ting of themes, and reflexive journaling in the process. 
Specifically, both authors were mindful of the fact that 
our subject expertise and past experiences might shape 
the interpretations we make and make us actively look 
for evidence to support our assumptions about LADs. 
To be more reflexive in the analytical process, both 
authors wrote memos of personal reflections and how 
we developed codes and themes. The assistants kept 
records of all the raw data, field notes, memos, tran-
scripts, team meeting decisions, and a reflexive journal 
of how and when we made analytical decisions as a 
team. We spent a prolonged period of four months with 
the students and developed an in-depth understanding 
of students’ learning practices. However, we limited 
our discussions about previous research experiences on 
this topic with the team members so that our past did 
not override the findings and interpretations of this 
study. During the peer debriefing sessions, the research 
assistants reviewed and asked questions about the defi-
nition of codes, cross-checked our content analyses, 
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communicated regularly with the team the analytical 
interpretations, documented minutes of meetings, and 
thus enhanced reliability of the findings. In addition to 
using a rich, thick description to convey the findings, we 
also present discrepant information on students’ social 
learning practices that runs parallel to the main themes, 
thus further enhancing the validity of our findings. In 
the next section, the findings are presented, using illus-
trative quotes and pseudonyms.

5. Results
5.1. Which of the Author-Identified Data Sets Are 

Perceived as Important for LADs?
The card sorts allowed us to reveal the most preferred 
features in those dashboards. These data sets include fre-
quency of grades, library history, online resource use 
data, historical students’ comparison data, and students’ 
financial information. Table 3 presents students’ pre-
ferred data sets and their reasons for the choices they 

made in the form of illustrative quotes. Their preferences 
were to see their grades (71%), the DIY approach to 
learning data (68%), online materials usage data (62%), 
the number of networks created (55%), and financial 
information (money spent so far versus resources uti-
lized, earning potential of a course – 40%). We also 
found students’ perceptions on what not to include in 
dashboards. These include social media data (i.e., time 
spent on social network sites and an analysis of social 
media posts), building usage data, prior educational 
data, students’ physical and mental health data, and 
sports center access data.

Importantly, although all participants showed a desire 
to get involved in the procedure, there is less agreement 
among the participants on what to include or not to 
include in such personalized dashboards, showing a 
preference for having a greater autonomy and agency 
for self-selecting the data sets that are important to 
them. When discussing these features, the majority of 

Table 3. Students’ Choice of Datasets for LA Dashboards

Top five data sets of high importance Chosen by, % Illustrative quotes

1 Grades 71 “Grades—these are our bread and butter. I want to see my 
grades” (Risa).

2 “DIY approach to learning” 
data

68 “I learn a lot using my own initiative. I learn from my peers, 
mentors, managers at work, TED talks, and through my 
LinkedIn contacts” (Omer).

3 Learning management system 
(online materials) usage data

62 “This will show me if we use lecture materials or we do not. For 
assessments, feedback, and results, I needed to use the 
BlackBoard page. This data is vital” (Darryl).

4 Networks and contacts data 55 “Give me a three-bar graph with one bar showing my library use, 
one my cohort’s average use of the library, and one showing 
the use by the highly successful student, comparing against the 
money we spent so far” (Qi Wu).

5 Financial information 40 “Show me how much I spent so far and what resources I have 
used during that time” (Kitto). 
“We want to know how much I could earn after graduation. 
How successful are my seniors? If I see 60% of my seniors earn 
X amount, I will be motivated to work hard” (Chen).

Bottom five data sets of least importance
1 Social media data (time spent, 

number of posts)
80 “I know that I am spending a lot of time on those stuff. What is 

the point in seeing it again on the dashboard? My phone tells 
me the screen time. Does it have any influence on my 
behavior? I do not think so … I will learn very little from this 
info. A definite NO!” (David).

2 Building usage data 66 “What is the point of using this data? I do most of my reading 
online and I do not need to come in here to study. Being here 
does not mean I am learning anything” (Osama).

3 Prior educational data 51 “University has this information already. How this will help me? 
I don’t know!” (Godwin).

4 Societies and clubs 
participation data

33 “I am an introvert and I do not socialize that much...Who has 
time for all these things?” (Sinead).

5 Off-campus activity data 29 “No. I will do whatever I like in my free time. Why should that 
be displayed here? Are you going to police me?” (Grace).

Rejected data sets (very often discarded in final sorts)
1 Health data 80 “It is very personal. I do not want to see this here” (Pooler).
2 Demographics 72 “This data may be useful to you guys, but not for me” (Bailie).
3 Sports center usage 61 “I do not need to come here to play. I live in the countryside and 

I take train to come to Uni. I play some football in the local 
ground. This data does not make any sense!” (Roger).
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participants showed stronger emotional connections 
with the data sets, particularly with those data sets gen-
erated by them, and let slip arguments that were auto-
biographical and value-laden to justify their decision 
on why something should be included or excluded in 
an LAD. Even more importantly, 60% of participants 
preferred a dynamic dashboard so that students could 
self-select which data sets they wish to see at a time of 
their choosing. Interestingly, 23% preferred an artificial 
intelligence–powered LAD system that could intelli-
gently display data sets related to individual interests, 
needs, and priorities, similar to their Facebook page, 
which displays materials of interest to the account 
holder based on certain machine learning algorithms. It 
is worth noting that 42% of our participants expressed 
a need to include personal stories and narratives in 
LADs. They preferred vignettes of student stories (i.e., 
narratives describing past students’ career successes) 
linked to the display: “It would be good to see some-
thing on the dashboard to tell me ‘You are currently in 
place Z in your class; if you can achieve X% in this 
module, then the likelihood of getting an entry level 
job in six months is Y%. Read Dan’s story here.’ I will 
be motivated to work hard by reading Dan’s story” 
(Kumar). A student told us that if that kind of narrative 
could be made available in dashboards even before 
initial registration (enabled by machine learning capa-
bilities that connect a fresh applicants’ data with similar 
alumni profiles), it would be helpful. Five students said 
that universities must “always allow” students to de-
sign their own LADs and that was “the right thing to 
do.” Overall, all 21 card sorts pointed to participants’ 
preference for individually focused, totally personal-
ized dashboards, displaying only the data sets per-
ceived as useful.

5.2. What Additional Student-Generated Data 
Sets Are Perceived as Important in LADs?

During the interviews, 63% of participants highlighted 
more frequently that they would like to see situated 
learning–inspired data sets. They emphasized that, for 
LADs to be valued highly, the designs should contain 
data on self-directed learning that happens socially, con-
tinuously, and in the vast landscape of practice and 
social life.

The instrumental use of TED talks, LinkedIn contacts, 
YouTube videos, and useful Tweets are highlighted by 
the participants: “We learn a lot from TED talks, and 
from our LinkedIn contacts. They offer us an alternative 
way of looking at the issues we discuss … Our mobile is 
our classroom. We learn a lot during our train journeys 
to the university. We discuss the stories we heard … we 
form opinions, develop our own ideas about a topic. Are 
you not including them here?” (Javier and Florian, pair 
2). “YouTube is my learning space. I search, watch tu-
torials, and learn every day. Although I get the core 

knowledge from the lectures, my social media feeds 
teach me … I retweet useful postings to others and they 
share with me useful stuff. All of these helps me build 
on that core stuff” (Rhys).

We found that our students make use of learning 
opportunities that arise situationally, and at other times, 
they take a DIY approach to create such opportunities. 
They tend to take an active role in self-directed learning, 
and they do not expect teachers to deposit discrete 
packages of information and impart understanding: 
“We have a WhatsApp group. Our relationships are 
strengthened by our Snapchat connections. We learn all 
the time … as peers. In fact, I feel compelled to learn 
from them. They spark an interest in me” (Yu-Ting, a 
focus group participant). “My friend and I play video 
games together. We are better at problem-solving and 
multitasking. We learned about strategy, timing, and 
winning. Our strategizing has improved. We help each 
other to progress through the levels … Gaming keeps us 
smart and sane” (Risa).

As students engage in increasingly more complex 
tasks, they gain experience, learn the language of practic-
ing managers, and begin to participate fully in communi-
ties of practitioners. Data indicate that their participation 
in authentic social interaction enables learning to occur; 
students demonstrate a productive engagement with 
both content and context, and they see learning as being 
integral to and an inseparable aspect of everyday practice, 
the workplace, family, and other social contexts. This is 
reflected in their quotes: “I was on a field trip recently, 
and I learned so much in that. We met business leaders, 
and they shared their challenges and struggles. We 
shared with them the theoretical frameworks and current 
evidence on HR-related topics. It is a collaborative learn-
ing experience” (Chen-Jui).

Students learn best in their social context, in which 
their learning is applied. For them, learning is not an iso-
lated activity that leaves digital footprints only in cam-
pus computers. In fact, the lived-in world of everyday 
activity (Lave and Wenger 1990) becomes their lecture 
hall where learning happens, and this is where identities 
and practice communities are produced and repro-
duced. Through these connections, they develop tools 
and techniques, online and off-line social networks, and 
mimic typical ways of handling their challenges in a con-
text. Sadeen and Kumar, two postgraduate business stu-
dents, were interested in the inclusion of workplace 
learning data: “I work as a part-time human resource 
assistant in a large company. In my coffee-room chats, 
in reading company blogs, and simply by speaking to 
more experienced HR practitioners … I develop my 
knowledge … I learn the lingo. I am also curious … I con-
stantly look for better ways of doing things … I learn 
to impress my boss at work. The dashboards cannot 
ignore these ways of learning” (Sadeen). “I am doing a 
part-time industry placement, along with several other 
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placement students. When we come together at work, 
we speak about how to tackle academic challenges we 
have in the university. We share our struggles and come 
up with ways of managing them. I want to see the indi-
cators of the learning that happens in work placements” 
(Omer).

Taken together, our findings indicate that the partici-
pants learn, collaboratively, in socially situated ways, in 
field trips, work contexts, and industry placements and 
by learning from their mentors and practitioners in the 
real world. Social media tools and network events tend 
to facilitate their situated learning. We found a strong 
empirical base for the inclusion of such socially situated 
learning indicators in student-facing LADs.

5.3. Differences in LAD Preferences of Home vs. 
International Students and Undergraduate 
vs. Postgraduate Students

Our analysis revealed some variation in attitudes about 
the use of personal data among the international (52%) 
and home (48%) students. For example, some interna-
tional students were more relaxed about the use of per-
sonal and medical records in predicting success: “My 
data is everywhere; I am not that fussy about them 
[being] used by my university” (Nurislam). However, 
the home students showed extreme resistance to the use 
of such data: “It is my data. Every time the university 
access it, university should ask my permission. ‘No con-
sent’ means ‘Don’t touch my data’” (Darryl). Further, 
international students wanted to see displays of within- 
group comparison relatively strongly: “I want to see 
how my peers are performing and I want to see how 
[I am] doing when compared to their achievement” 
(Chen). This can be compared with the home students 
who emphasize individuality and personal values: “Suc-
cess in learning is not necessarily about achieving a 
higher than average score. I don’t care to know how 
others are doing” (Mark). Further, data sets such as 
health and fitness and student leadership were consid-
ered important for undergraduates but were less so for 
the postgraduates. Postgraduate participants were con-
cerned about the time commitments they had and the 

family and work pressures that reduce their ability to 
contribute fully to university life; they tend to perceive 
that current LADs do not respect these personal circum-
stances fully. Five undergraduates expressed the view 
that LADs tend to neglect the emotional aspects of edu-
cational experience: “I was disappointed to receive that 
feedback; I was sad and stressed. As a result, my 
approach to the next assessment was not that positive. I 
locked myself in my room, not speaking to anyone, not 
engaging with anything. I felt lonely … it took some 
time to regain my strength to get ready. This experience 
is completely neglected here” (Huan). Although post-
graduates did not share affective experiences of learning 
with us, dashboards that incorporate students’ emotions 
might positively influence their behaviors as evidence 
on the effectiveness of emo-dashboards in changing at 
least teachers’ feedback reporting practices has begun to 
emerge (e.g., Ez-Zaouia et al. 2020). Although most of 
the undergraduates tend to believe the integrity of the 
data sets, a small minority (10%) doubted the accuracy 
and credibility of some of the data points by saying that 
their online behavior would never be fully and accu-
rately captured by machines; they felt that what is cap-
tured could never say who learned what, in what 
circumstances, and why. For postgraduates, data accu-
racy and credibility is a matter of low importance. We 
summarize these differences in Table 4. To put it simply, 
we cannot make stronger statements about these differ-
ences in our study because of its limited sample size. 
Nonetheless, it indicates the potential influence of these 
attitudinal variations in shaping students’ expectations 
regarding the LADs and, by extension, making the 
design processes of student-facing LADs even more 
complex.

5.4. Other Findings About Students’ Social 
Learning Practices

During different stages of data collection, students re-
vealed that they had complex arrangements that result 
in less time being spent on the campus or on leaving lim-
ited “digital footprints” in institutional systems. They 

Table 4. Some of the Emerging Key Differences Between Undergraduates’ and 
Postgraduates’ Preference for LAD Personalizationa

Dimensions of variation
Importance to 
postgraduates

Importance to 
undergraduates

1 Integrating health and fitness data sets Low High
2 Integrating student leadership data sets Low High
3 A design feature that considers students’ 

emotional aspects of learning
Low High

4 A design feature that considers students’ 
personal circumstances and challenges

High Low

5 Accuracy and credibility of data used in LADs High Low
aBased on a small sample of 20 postgraduates and 22 undergraduates.
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shared with us strange study behaviors that are essen-
tially social; these included practices such as 

Print copy distribution: a student logs into a module 
online page to download all the materials at once and 
creates copies for everyone in the student’s inner circle.

In-group sharing: students go to the library in small 
groups and borrow a wide range of books, exchanging 
them with each other as online digital books are shared 
among family members.

Flatmates sharing: a student downloads module 
materials all at once on to the student’s tablet and then 
shares the tablet among all classmates who share the 
same house, thus leaving limited digital traces of their 
learning on institutional computers.

Helpful note-takers: students receiving help from 
note-takers/scribes and from learning support assis-
tants whose digital activity almost always happen in 
noninstitutional systems.

In addition to these, we encountered two cases of a 
translator and a scribe accessing online materials legiti-
mately for two different students, and their digital foot-
prints had not been visible in students’ records. Our 
research journal indicates that some participants (n� 4) 
at the end of the interviews, after the audio-recording 
was stopped, requested us to include in LADs, qualita-
tive narrative stories of success, believing that, for ex-
ample, viewing the stories of successful seniors who 
studied a degree program along with the details of their 
societal and economic background, might inspire them 
to recognize that someone else with that kind of back-
ground could also achieve the same success.

Taking together the findings presented in the last two 
sections, all these intricacies present a complex picture of 
students’ social learning practices and challenge the idea 
of conceptualizing learning as the one that always leaves 
observable traces in a formal virtual learning environ-
ment during an academic year.

6. Discussion
In our quest to understand students’ preferences for use-
ful LADs, we learned at least three important lessons 
that affect future dashboard designs: (1) the need to 
include situated learning-inspired data sets in LADs, (2) 
the importance of including qualitative stories and the 
need to combine data sets for critical insights, and (3) the 
need to avoid an overreliance on a narrow set of data 
points leading to a neglect of affective dimensions of 
learning and the urgency to create new technological 
tools to capture real-life evidence of social learning.

First, when confirming the earlier findings on per-
sonalized dashboards (Leitner and Ebner 2017)—and 
complementing the findings of Rets et al. (2021) and 
Schumacher and Ifenthaler (2018)—we go further in 
two ways: identifying the most and least preferred fea-
tures in those dashboards (see Section 5.1). Among the 

five most preferred data sets, four (grades, library data, 
online use, historical trends) have resonance with other 
scholarly works (Roberts et al. 2017). Our study high-
lights students’ preference to include their DIY ap-
proach to dynamic learning along with their part-time 
work data, the number of networks created in social 
contexts, and personal finance data in LADs. These 
data sets had not been identified as potential features 
of LADs in the existing literature, which used other sta-
keholders’ perspectives (e.g., teachers, learning tech-
nologists); we believe that using students as the lead 
designers of LADs is the reason for the uniqueness of 
the study’s findings. Displaying data on the money- 
making potential of courses or how much money is 
spent on fees in comparison with, for example, the 
extent to which they used the library sources, motivates 
40% of our participants. This information when pre-
sented with the data about other students’ economic 
behaviors appears to be a powerful motivator of success. 
It is possible that, when these data sets are presented 
with students’ academic performance in comparison 
with that of their peers, as demonstrated by Aguilar et al. 
(2021), LADs could become more powerful catalysts of 
change. We also highlight students’ perceptions on what 
not to include in dashboards, such as building usage 
data or health data and sports center access. Besides the 
privacy concerns, students said that they did not see the 
usefulness of tracking this information. It is interesting to 
note that they overlooked the benefits of combining data 
sets for meaningful decisions; for example, combining 
sports center visits and health statistics with classroom 
engagement metrics and time spent on additional read-
ing and research could show interesting behavioral pat-
terns that may give clues to collective learning behaviors. 
In doing so, we demonstrate that a theory-inspired card- 
sorting technique has potential application for LAD 
research in that it can assist in uncovering key stake-
holders’ perspectives on LADs and it holds potential for 
broader application as a knowledge-elicitation tool for 
consideration by researchers and designers.

Second, our study confirms the rich social learning 
landscapes that facilitate continuous education of our 
students in actual time (Wodzicki et al. 2012, Vaterlaus 
et al. 2016). We found that students preferred to learn 
from a landscape of practice, and that includes collabora-
tive learning, mentoring sessions, industry networking, 
and the LinkedIn following of business leaders as well as 
learning from socially generated YouTube videos, Twitter 
feeds, Instagram live shows, WhatsApp groups, Face-
book discussions, Snapchat communications, and TED 
talks, among others (see Section 5.2). They want LADs 
that include rich social learning data if useful and valu-
able. This study confirms that their approach to learning 
aligned well with the situated learning theory (Wenger 
1999) and has influenced their design expectations. Al-
though what was being learned (the content) was not 
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always clear in the data, how the learning was carried out 
(i.e., the collaborative approach) and where the learning 
was taking place (i.e., in open, social spaces) was clear. 
We wondered how it might be possible to include learn-
ing data from socially generated videos, feeds, WhatsApp 
groups, and Facebook discussions into LADs. Our study 
triggers new questions about the feasibility of integrating 
students’ social media data on self-directed learning and 
also not using their social media data on recreational use 
in the LADs. Nonetheless, by clarifying how the students’ 
situated learning practices dictate LAD design choices, 
this study extends our understanding of what students as 
social learners want to see in the LADs. Our aim in 
highlighting these complexities is not to suggest how 
they can be effectively included in LADs, but rather to 
understand how recognizing students’ priorities could 
challenge our approach to designing LADs. We make it 
clear that students tend to develop their identities by 
actively participating in peer-level and/or practitioner 
communities (such as human resources managers or mar-
keting executives, indicated by our sample in this study), 
which are equipped with shared procedures for talking 
and acting. As they participate in these communities, 
they begin to understand who they are and what po-
tential they have. Because learning is a normal part of 
everyday practice—a central assumption of the situated 
learning theory used in this study and impossible to 
isolate—we invite LAD designers to reimagine the way 
they design and present learning data in LADs. Future 
research by interprofessional teams comprising of educa-
tional psychologists, system engineers, research-active 
teachers, LAD designers, managers, student representa-
tives, and educational technologists with larger samples 
could help us understand how such social learning 
theory–inspired LADs could be designed. To that end, 
our study has taken a few steps into the hinterland of the 
students’ perspectives on useful LADs, and to that extent, 
it exposes some new data sets (e.g., data on DIY learning: 
self-reported data on time spent in self-directed learning 
via social media, network contacts, mentoring, etc.) that 
could be considered for student-facing LADs. For sus-
tainable progress in this field, however, we may have 
to break down the walls between the practice-based 
and management-oriented community of LA and the 
academic-oriented community and have both communi-
ties begin to focus more on students and their learning 
and less on analytics (Guzmán-Valenzuela et al. 2021).

Finally, our study highlights the complexity of stu-
dents’ lives, which may not easily be captured and mea-
sured by institutional LA systems. There is attitudinal 
variation among home and international students and 
among undergraduates and postgraduates (Section 5.3
and Table 4). Many of our participants also expressed 
that LA systems tend to overlook their off-campus life-
styles, digital activities by proxies, emotional experience 
of learning, and the ongoing education that they have 

from everyday experiences (Section 5.4). Based on these 
findings, we infer that the automated systems, using a 
limited set of easily measurable data points, could end 
up displaying information that is less useful to students 
and making inaccurate predictions of their academic 
success to teachers. Our study has a remarkable similar-
ity to a global survey (Rosenhaus 2020) that revealed stu-
dents increasingly adopt a DIY approach to learning. 
Therefore, as learning is increasingly becoming 
“personalised, socialised, [and] contextualized” (Moldo-
veanu and Narayandas 2019), if LADs need to be used 
for students’ behavioral change, we conclude that they 
have to display social learning indicators along with 
other data sets traditionally displayed. Consequently, it 
is critical that we invent technologies that enable devel-
opment of such LADs that are informed by data points 
that capture social learning that happens in students’ 
communities and corridors. An overreliance on a nar-
row set of LA data points may lead to a neglect of affec-
tive and social dimensions of learning in LAD designs 
that will only be of limited value to students.

6.1. Limitations and Future Directions
Future research may explore how generalizable our 
findings are to other contexts. The preference for includ-
ing part-time work hours and networks in LADs may be 
more prominent in our study given the strong emphasis 
our university places on developing employable gradu-
ates. Because LA is context-specific (McNaughton et al. 
2017) and our small sample comes from one discipline, 
our local findings would benefit from a wider investiga-
tion in a multiuniversity context with a larger sample of 
students from a wider range of disciplines. Future stud-
ies could also explore whether LADs designed with 
these user-generated data sets would truly be used by 
students, supporting their success. Because our sample 
had no exposure to student-focused LADs, we could not 
examine this critical issue, and this is an area for future 
work. As universities across the globe pivoted to emer-
gency remote teaching during the COVID-19 pandemic, 
it may be useful to see students’ expectations of LADs 
when studying online. Methodologically, we want to 
explore how we might quantify a card sort in terms of 
positive or negative assessment and strength of view of 
that assessment. We used content analysis techniques to 
quantify students’ views as falling within most and least 
preferred categories. Because these qualitative categories 
are based on a smaller sample size, no further analytical 
techniques could be applied to identify the strength of 
their preferences. In some cases, students found it diffi-
cult to strictly use the recommended hierarchical struc-
ture; on such occasions, more elaborate probing and 
longer interviews were needed to clarify their judg-
ments, and these assemblies further complicated the 
analysis. Techniques such as Q-sort methodology com-
bined with factor analysis could be used in future studies 
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that rely on larger samples from different disciplines. Fur-
ther, researchers could explore how LADs could link to 
qualitative narratives of off-campus learning-related prac-
tices of students—through hyperlinks, for instance—in 
ways that support their academic success. Newer interdis-
ciplinary studies with more sophisticated methodological 
tools—inspired by cognitive neuroscience, for example— 
that are capable of recognizing students’ neurodiversity 
and their experiential variations hold promise for advanc-
ing the field (see some pioneering examples: Gillespie- 
Lynch et al. 2017, Hoefel and Gildner 2019). When these 
elements are displayed, how such visualizations may 
impact users of different ages, genders, and races and on 
their academic motivation and self-regulated learning is 
another area for future inquiries. In sum, our findings 
point to the need for generating new and more imagina-
tive research on dynamically flexible LADs that display 
the situated nature of learning along with success stories 
of their peers and seniors.

7. Conclusions
This research explores how LADs for universities might 
be designed in a way that is oriented toward students’ 
needs and takes into account the social aspects of learn-
ing. By illustrating a complex picture of students’ learn-
ing journeys, we establish that their learning is much 
more social, situated within a more open, wider learning 
context than that which we normally describe in LAD- 
related studies. Students learn in groups as well as in for-
mal education; hence, LAD researchers need to redirect 
their attention from narrowly observing campus-based 
learner traces to recognizing the generative process of 
students’ engagement with socially situated, everyday 
settings. We contend that what constitutes a useful, 
student-centered LAD is a design that better reflects the 
students’ realities by recognizing how modern students 
learn: using a DIY approach in situated social landscapes 
of connections, networks, and practices. Integration of 
these data sets in LADs, however difficult it might be, 
could help HEIs make more meaningful suggestions 
that help motivate students; thus, LA is positioned as a 
service and not as another interface made available to 
learners.

We acknowledge that, in some institutions, there 
may be an issue of independent and disconnected infor-
mation systems that make valuable student data inac-
cessible or unusable to academics and other staff. To 
overcome the issue of data silos, institutions should, at 
a transactional level, conduct an inventory of existing 
systems, assess the data needs of different stakeholders, 
develop a data integration plan, ensure data security 
and privacy through implementation of access controls 
and other security measures, and provide training and 
support to those who access and use the integrated data 
(Rienties et al. 2015). However, larger constraints, such 

as policies around data privacy and security; limita-
tions in the university’s information technology infra-
structure; and a lack of resources or expertise in data 
mining, cleansing, and analysis; and other bureaucratic 
or cultural barriers, may make the process of creating 
LADs even more difficult. Therefore, at a more strategic 
level, institutions should focus on establishing a data 
governance framework, building a strong data infra-
structure and analytics capability, promoting data liter-
acy, and fostering a data-driven culture (Gašević et al. 
2015, Sclater 2016, Rienties et al. 2017, Sclater et al. 2017, 
Herodotou et al. 2019).

We conclude that learning is dynamic, complex, and 
social; dashboards as generative artifacts are meaningful 
only in the contexts in which they are implemented, uti-
lised, and acted upon. Because many LA systems op-
portunistically use data just because they are readily 
available, we believe that a more strategic approach that 
recognizes and manifests the social learning that hap-
pens in the landscapes of practice and civic life can lead 
to improved LA services. We hope that our findings 
might act as both a reminder for integrating the stu-
dents’ voice as much as possible in all decisions related 
to LADs and a trigger for initiating strategic actions that 
improve institutional data infrastructure, security sys-
tems, talent, technology, and processes so that LADs 
become more reliable and relevant. We hope that our 
study offers some guidance in helping to shape the next 
generation of LADs in a way that makes them more 
useful to students.
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Joksimović S, Gašević D, Kovanović V, Riecke BE, Hatala M (2015) 
Social presence in online discussions as a process predictor of 
academic performance. J. Comput. Assisted Learn. 31(6):638–654.

Joseph-Richard P, Uhomoibhi J (2021) Ethics in predictive learning 
analytics: An empirical case study on students perceptions in a 
Northern Irish University. Azevedo A, Uhomoibhi J, Ossian-
nilsson E, eds. Advancing the Power of Learning Analytics and Big 
Data in Education (IGI Global, Hershey, PA), 86–107.

Joseph-Richard P, Uhomoibhi J, Jaffrey A (2021) Predictive learning 
analytics and the creation of emotionally adaptive learning envir-
onments in higher education institutions: A study of students’ 
affect responses. Internat. J. Inform. Learn. Tech. 38(2):243–257.
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