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Abstract

Learners often have difficulty with regulating their learning processes before, during, and
after task performance. Learning environments need to offer support to help them with this. In
immersive learning environments (ILEs), learning analytics (LA) are available that could
provide such support by means of learning analytic dashboards (LADS). The visualization of
LA in LADs can support SRL skills before, during, and after task performance. However,
previous research suggest that this will only happen if learners appreciate the LA
visualizations on their dashboards. Therefore, this study aims to identify preferences that
learners have for LADs used before, during, and after task performance. Using a specific
means to present LA, namely reference frames. Reference frames provide an anchor point for
comparing LA that could help learners evaluate their learning. This study used three different
types of reference frames: the social reference frame, the progress reference frame, and the
achievement reference frame. This research reveals that, regardless of timing (i.e., before,
during, or after task performance), learners have a preference for LADs with a progress
reference frame. The results of this study might contribute to a more tailor made design of
LADs in ILEs that could successfully support learners in regulating their learning.

Keywords: learning analytics, learning analytic dashboards, reference frames, self-

regulated learning, immersive learning environment



Learners’ Preference for Reference Frame Before, During, and After Task Performance

Digitalization and emerging novel technologies have an continuous impact on our
lives and the way we work. Organizations feel the urge to go along with these developments
and need to ensure that their employees can adapt to the constantly changing environment as
well. Therefore, it is important that lifelong learning (i.e., continuous learning) can occur in
the workplace (Tynjala, 2008; Wang, 2017). In working environments, informal learning
(e.g., autonomous, learning is a side task, learning is a means to an end) is more common than
formal learning (e.g., controlled, structured, learning is the goal). It is often the responsibility
of the employee to indicate whether he/she desires to develop themselves. However, it tends
to be that most employees do not know how to learn or do not proactively initiate a learning
process (Margaryan et al., 2013). To identify their personal learning needs and to initiate the
learning processes, the employee needs to develop self-regulated learning (SRL) skills.

Panadero and Alonso-Tapia (2014) defined SRL as "the control that students have
over their cognition, behavior, emotions, and motivation through the use of personal strategies
to achieve the goals they have established" (p. 450). According to Zimmerman’s (2000)
cyclical SRL model, three phases can be distinguished: forethought, performance, and self-
reflection.

The forethought phase can be seen as the phase which occurs before the task begins.
The most important aspects of this phase are task analysis and self-motivation beliefs. The
learner activates self-regulation by thinking about strategies that will help them to perform
during the task (i.e., goal setting and strategic planning) and through self-motivational beliefs
(i.e., self-efficacy, outcome expectations, task interest, task value, goal orientation). The
expected level of performance and assessment criteria are essential variables during this
phase.

In the performance phase, learners perform the actual task. At this phase, it is crucial

that learners stay motivated and monitor their progress concerning their goals. Self-control



(i.e., specific strategies, self-instruction, imagery, time management, help-seeking, interest
incentives, self-consequences) and self-observation (i.e., self-monitoring, self-recording) are
the two key processes during this phase.

The self-reflection phase, which takes place after the task is performed, is all about
self-assessment of performance (i.e., self-evaluation, causal attribution) and recognizing
success and failure (i.e., self-satisfaction/affect, adaptive/defensive decisions; Panadero, 2017;
Panadero & Alonso-Tapia, 2014; Zimmerman and Moyland, 2009).

SRL skills are of great importance for workplace learning. However, little is known
about how employees self-regulate their learning processes (Margaryan et al., 2013; Tynjéla,
2008). Research has found that advanced learning technologies such as simulations, serious
games, virtual reality, intelligent tutoring systems, and so on could potentially foster self-
regulated learning (Azevedo & Gasevic, 2019)

Immersive Learning Environments, Learning Analytics, and Learning Analytic
Dashboards

An emerging technology for workplace learning is the use of immersive learning
environments (ILE), such as virtual reality training scenarios. These environments (i.e.,
realistic computer-generated worlds) enable learners to perform complicated, uncommon,
and/or dangerous tasks (e.g., with people, objects, places, locations) in a real-life setting
(Herrington et al., 2007). Subsequently, it enables learners to deepen their higher-order
thinking skills (e.g., analyzing, reasoning, synthesizing, evaluating) to create new knowledge
(Beckem, 2012). Research has shown that ILE contributes to the learner's engagement,
motivation, inquiry and collaboration skills, and learning outcomes (Dede, 2009).

ILE yields data for learning analytics (LA), another emerging technology for
workplace learning. LA enables the collection, analysis, and reporting of learner behavior

(e.g., training effort, progress, grades). It aims to give meaningful information before, during,



and after a task and stimulates reflecting on learning outcomes and informing decision-
making as a result (Wang, 2017). Previous research acknowledges that LA could act as an
instrument to stimulate students' SRL skills in an online learning setting (Kim et al., 2018).
LA could be valuable for learners, teachers, and other stakeholders.

A manner to present the collected data is to use learning analytic dashboards (LADs).
LADs are visual presentations —in the form of feedback— of the collected data and can
potentially stimulate metacognitive skills as it provides insight into the learner’s performance
and behavior. Furthermore, it enables the learner to reflect and optimize their learning, assess
their ability, and adapt their behavior (Matcha et al., 2020; Park & Jo, 2015; Jivet et al.,
2020). For LADs to have impact, they need to be presented at the right moment. By doing so,
the learner can use the information to support their learning processes (Gibbs & Simpson,
2005). Therefore, LADs can be presented during different task performances in the learning
process: before the task performance, during the task performance, and after the task
performance.

This research paper refer to "before task performance™ when the LAD is shown before
the learner starts a task. During this performance, aspects of the forethought phase of the SRL
cycle could be targeted. LAD can present information that could attain data from similar or
earlier attempts of the task by the learner. The learner might be more motivated to think about
the right approach and set goals for performing the task, when confronted with their previous
results.

This research paper refer to "during task performance' when the LAD is shown to the
learner while still performing a task. Aspects of the performance phase of the SRL cycle
could be targeted after the learner has completed the task. When the LAD presents
information about the learner’s progress so far, the learner might use this input to adjust or

reconsider their learning strategy or seek help.



Lastly, the "after task performance", refers to when the LAD is shown to the learner
after completing the task. During this performance, aspects of the self-reflection phase of the
SRL cycle could be targeted. When presenting the LAD to the learner with the information
referred to the completed task's performance, the learner might be stimulated to reflect on
their performance and task approach.

According to Jivet et al. (2017), most LADs only support the self-reflection phase of
the SRL cycle. These findings emphasize the need to encapsulate LADs into the instructional
design in order to performall the SRL phases. To promote sense-making and SRL skills,
LADs need to be designed as pedagogical interventions (Matchaet al., 2020; Wise et al.,
2014). A good understanding of how learning theories can be used is needed to design and use
LADs. Previous research also discussed that learning analytic systems (e.g., ILE) need to be
more user-centered. Yet, little is known about how learners make use of LADs. SRL support
by LA visualizations on learners’ dashboards will only be effective if learners also appreciate
them. Therefore, this study focuses on the preferences learners have for LADs used before,
during, and after task performance, using a specific means to present LA, namely reference
frames.

Reference Frames

Reference frames can be defined as "the comparison point to which students orient
when they examine their analytics" (Wise, 2014, p. 208). They are pedagogical interventions
(e.g., personalized feedback) and encourage sense-making and the use of learning analytics.

Jivet et al. (2017) analyzed 26 LADs on how information was presented to the learners
and distinguished three types of reference frames: (a) social, (b) progress, and (c)
achievement. The social reference frame (SRF) enables learners to compare their performance
with the results of their peers. The progress reference frame (PRF) enables learners to

compare their present performance data with their past performance data. The achievement



reference frame (ARF) enables learners to compare their results with goals proposed by
themselves or defined by the teacher (Jivet et al., 2020). The achievement goal theory can be
used to explain some of the potential merits of the different types of reference frames. This
theory describes how beliefs and cognition motivate learners to academic success and
achievement (Ames, 1992). In addition, the different types of reference frames might be
suited to support different phases in SRL.

The SRF is most commonly used and can be applied in various ways. The comparison
can be made with the whole class, teammates, previous graduates, top students, and peers
with similar goals. Based on the achievement goal theory perspective, the SRF might benefit
learners with a performance goal orientation. This orientation might be useful to define
individuals' purposes for approaching and engaging in a task. Learners with a performance
goal orientation focus on comparing themselves with others to see how successful they
perform (Ames, 1992). By comparing the learner's outcome with their peers' outcomes, the
SRF might stimulate the self-reflection phase of the SRL cycle.

The PRF allows learners to compare historical data of their performances with their
current level of performance. As a result, the learner can see their progress over time. This
type of frame might align with the mastery goal-oriented concept of achievement goal theory.
Learners concern the importance of mastering the materials and tasks when they are mastery
goal-oriented. They compare their learning outcomes with previous outcomes to see how they
progressed (Ames, 1992). By comparing the learner's present performance data with their past
performance data, the PRF might stimulate the performance phase of the SRL cycle.

The ARF allows learners to compare their performance level with desired goals from
an internal perspective (i.e., set by themselves) or external perspective (i.e., set by their
teacher). This frame might suit both performance goal-oriented learners and mastery goal-

oriented learners because this frame makes it possible to focus on the learning outcomes and



how they are mastering the materials and tasks. Since the ARF made it possible to compare
the learner’s current level of performance with the desired goal, this frame might stimulate the
forethought phase of the SRL cycle.

According to Jivet et al. (2017), social reference frames are used more frequently than
the achievement reference frame and the progress reference frame because motivation and
engagement of learners increase by comparing to others. Furthermore, they argued that
learning should be about improving knowledge and skills instead of competition between
learners. User acceptance could play an important role in ensuring that the LAD stimulates
SRL skills (Sedrakyan et al., 2020). The same type of feedback (e.g., reference frame) may
not suit the learner during different task performances. The different needs of learners and
their preference for reference frames needs should be taken into account. Considering the
design of LADSs should be functioning as a pedagogical aid to stimulate motivation and
engagement of learners with various performance levels. Jivet et al. underline the need for
further research on how different designs of LAD are perceived by learners and how they can
improve their learning abilities.

Present Study

Previous research defined that LA mainly focuses on measuring SRL instead of
supporting the different SRL phases. There is an urge to further investigate how LA support
mechanisms (e.g., LADs) fosters SRL skills of learners in an online learning environment
(Jivet etal., 2017; Viberg et al., 2020). Earlier studies also discussed that most of the LADs
are designed to support teachers instead of learners, that LADs need to support learners SRL
skills more, and that ILE needs to be more user-centered (Jivet et al., 2018; Margaryan et al.,
2013; Matchaet al., 2020). For LADs to effectively support SRL skills, learners need to
appreciate the visualizations. Therefore, the current study focuses on the preferences learners

have for reference frames before, during, and after task performance. The following research



question arises: What type of reference frame do learners prefer before, during, and after task
performance? An exploratory study will be conducted in a workplace setting to answer this
question. With these insights, we can contribute to the development of design guidelines for
LA's presentation for ILE. The following sections describe the method used for the present
study, explain the results, and conclude with a discussion about the research question.
Method

Participants and Study Design

Participants were 70 employees of Merck KGaA, who were all trainees of Merck’s
chemical plant operator apprenticeship program. Sixty-eight participants completed the
demographic questions. A majority of 64.3% are male, 22.9% are female, and 10.0% did not
want to say their gender. 14.3% of the participants belong to the 18-19 age group, 27.1% are
aged 20-21, 25.7% are aged 22-23, 11.4% are aged 24-25, 10.0% are aged 26-27, 4.4% are
aged 28-29, and 4.4% are 30 years old and above. The participants were all German-speaking.

This study used particular reference frames to present learning analytics to examine
students’ preferences before, during, and after task performance. We conducted a within-
subject quantitative, explorative study. Participants were recruited through purposive
sampling. Ethical approval of the Ethics Review Board of the Faculty of Social &
Behavioural Sciences was obtained. The researchers asked for active consent and informed
the participants that they could withdraw at any moment without a given reason and
disadvantage. Participation in this study was entirely voluntary; participants were neither
compensated financially nor in credits for the apprenticeship program.
Instruments and Materials

The data collection was part of a more considerable study and consisted of

questionnaires, adaptive comparative judgment (ACJ), and interviews. To increase the study's
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validity, the questionnaire and information in the ACJ were facilitated in German, the native
language of most participants.
Demographic Data Questionnaire

With the use of a short Demographic Data Questionnaire, information about each
participant's age and gender was collected. T his questionnaire was distributed via the online
survey software Microsoft Forms (Version: February 2021).

Reference Frames Mock-ups

The researchers created in total twelve print screens of reference frame mock-ups with
fictional data. Four mock-ups per intended task performance: (a) before task performance,
presented just before beginning the simulator task; (b) during task performance, presented
when the participant pauses the simulator; and (c) after task performance, presented when the
participant completed the task. The mock-ups were specially designed for a chemical process
industry virtual reality training simulator and established through a collaboration between
educational scientists and instructional designers from Utrecht University and content matter
experts from the field of chemical engineering.

Each mock-up consisted of four elements with the aim to stimulate performance
behaviors and self-regulated learning behaviors (see Figure 1). Element 1 provided
information on which frame their results were compared with. Element 2 encouraged the
participant to review the displayed and highlighted data, contextualized by the task
performance. Element 3 illustrated the participant's training effort in the way of the time spent
in the simulator. Element 4 provided feedback on the performance of the participant
compared to a specific reference frame. Four reference frames are used: (a) social reference
frame (SRF), which compared the participant's data with data of their peers (see Figure 2); (b)
progress reference frame (PRF), which compared the participant's data with their own data

from previous attempts; (c) external achievement reference frame (E-ARF), which compared
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the participant’s data with the achievement goals set by the trainer and (d) internal
achievement reference frame (I-ARF), which compared the participant's data with the
achievement goals set by themselves. To ensure that preferences were made on the elements
rather than the aesthetical design or other design elements, the look-and-feel in every task
performance was as similar as possible.

Figure 1

Example of Reference Frame Mock-up with the Four Elements Highlighted

Ihr Ergebnis wird mit lnrem Ergebnis friherer Versuche verglichen.

Training ng bereit! e"“JfL‘BO-" Ihre Aufgabe besteht darin, :
Sehen Sle sich Ihre aktuellen Ergebnisse sen e Bealdor e Dty iRbi RN, oo

und |hren Trainingsfortschritt an, bevor Sie beginnen.

IHR AKTUELLSTES ERGEBNIS VERGLICHEN'MIT IHREN 00 0

° Trainingsaufwand @ versuch1 () Versuch2 () Letzter Versuch

Im Simulator verbrachte Zeit

Ihre Zeit

PHASE 1 PHASE 2 PHASE 3 PHASE 4 GESAMT

Uben Sie Weiter GUT GEMACH 1!

Sie haben jede Woche durchschnittlich Sie haben Fortachritte in jeder Phase und inagesamt gemacht,
10 Minuten filr das Training aufgewendet. seitdem Sie nildqﬂfl’ii|'rixq angefangen haben.
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Figure 2

Example of the Social Reference Frame Mock-up in the After Task Performance

Ihr Ergebnis wird mit dem durchschnittlichen Ei r Klasse verglichen.

Trainingssitzung abgeschlossen! @Auf ob Ihre Aufgabe bestand darin,
Sehen Sie nachstehend Ihre Leistung an. g i den universellen Reaktor fur Butyllithium-Produktion zu bedienen.
IHR LETZTES ERGEBNIS VERGLICHEN MIT DEM 1 A5 S8 iiiic s cis

° Traini ngsau fwand Ihr Ergebnis: Klassendurchschnitt

Im Simulator verbrachte Zeit

Ihre Zeit: 40 Klassendurchschnitt: 60

PHASE 1 PHASE 2 PHASE 3 PHASE 4 GESAMT

Uben Sie Weiter , 0
@ Sie haben 20 Minuten weniger Zeit GUT GEMACHT!
fiir das Uben aufgewendet als der Klassendurchschnitt. Sie haben datt ,,»_ _i d ol achnitt in 3 von’4 Phasen und mt b N =

RM Compare

This study used the online system software RM compare to measure the learner’s
preference for reference frame within different task performances
(https://www.compare.rm.com). T his software system allows learners to make adaptive
comparative judgments (ACJ). ACJ is a modification of comparative judgment (CJ)
introduced by Thurstone (1927). Thurstone referred to CJ as the Law of comparative
judgment. Two presentations are being compared and judged which one is preferred. It is seen
as a more straightforward and instinctive technique since decisions are based on comparisons
instead of judging one by one (Laming, 2003). Pollitt (2004) modified the CJ technique to a
web-based adaptive comparative judgment through the continuing evolution of technology.
After each object that a participant judged, an algorithm revised the information about the
object and automatically generated a new pair for judgments. When every object is judged

once, the algorithm generated pairs that are expected to be close in quality (e.g., both objects


https://www.compare.rm.com/

13

which won their comparison). The iterations of the pairs chosen by the algorithm continue for
multiple rounds. It is finished when enough data is collected to produce a highly reliable and
accurate rank order (Pollitt, 2012; Bartholomew & Y oshikawa, 2018). The advantage of
adaptiveness is efficiency. Since not every pair needs to be seen by every judge, it takes less
time to create a reliable rank order.

In the present study, participants judged the four particular designs for the different
task performances: before, during, and after. For every comparison in the before task
performance, participants were asked, ""Which design do you think will help you best with
planning, goal setting, and motivation?". For every comparison in the during task
performance, participants were asked, “Which design do you think will help you best with
keeping track of how well you are doing at the task and following a plan you made?”. For
every comparison in the after task performance, participants were asked, “Which design do
you think is best for helping you reflect upon your performance and judging or assessing your
own performance?”. The researchers had set up the system that each participant had to make
seven comparisons. This was to ensure that the participant compared every possible pair of
reference frames. Finally, after all the comparisons, RM Compare provided the rank order and
the associated data.

Procedure

One week prior to the data collection, the participants received the information letter
and informed consent. If the participant was willing to participate and undersigned the
informed consent, the at Merck situated researcher sent an email with an invitation to join one
of the six webinars with the research team. In this webinar, the team walked through the
research procedure. These webinars were held in German by a native German-speaking
researcher. To maintain confidentiality, the responses were pseudonymized, which concealed

the identity of the answers to the questions and judgments.
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The data collection was part of a more considerable study. Once the participant was
informed about the procedure, the data collection started and took about 20 minutes. There
were no time limits for participating in this study. The data collection consisted of three steps.
In the first step, the participant filled in the questionnaire on their demographics: age and
gender. This was directly followed by the Goal Orientation questionnaire distributed in
Microsoft Forms. In the second step, the adaptive pairwise comparisons were made in the
ACJ software system RM Compare. A paired comparison (i.e., two different reference
frames) was shown to the participant, and the participant was asked which one he or she liked
better. After the comparison, a new paired comparison was shown. This went on to seven
paired comparisons for every task performance. Finally, the Self-regulated Online Learning —
Questionnaire-Revised to measure self-regulated learning was distributed and filled in using
Microsoft Forms. The data collection concluded with semi-structured interviews. A sample
participant, proficient English-speaking, of the larger group was asked to participate in this.
Analytic Approach

To determine the preferred reference frame for each task performance, this study used
the ACJ online software system RM Compare. The data collection yielded in total 1416
pairwise comparisons. Each participant compared seven pairs of reference frames during each
task performance except for three participants. These three participants did not make all the
seven comparisons but only one each. However, since we only use the comparisons, the three
participants were included in the total number of comparisons.

Before analyzing the results, assumptions for ACJ were checked. Every reference
frame within each task performance could be distinguished from each other reference frame.
Each judgment was independent, and the judges were equal in their ability to distinguish
between the reference frames. No violations of these assumptions were found. RM Compare

automatically computed the level of reliability after each task performance. The reliability of
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the ACJ ranking can be seen as a judgment consistency coefficient. It is equivalent to
Cronbach's alpha and indicated the consistency level between all the judges and their
judgments.

Subsequent to this, we checked whether the reference frames were chosen as a win
over another perchance. Therefore, we used all comparisons made per task performance.
Since there is only a categorical, nominal, dependent variable (i.e., reference frames), a chi-
square test for goodness of fit (with a.=.05) was conducted. Before conducting the analyses,
the assumptions were checked. All participants were independent, and all the expected
frequencies were greater than five. The chi-square test was conducted with the frequencies of
how many times a reference frame had ‘won’ the comparison over another reference frame.

Results
Before Performance Task
Table 1 shows the results after 472 adaptive comparative judgments for the before task

performance. The ranking showed a high level of judge consistency coefficient of 0.84.
Table 1

Descriptive Statistics for the Reference Frames in the Before Task Performance

Reference frame Win frequency Rank
n %

Social reference frame 88 37.1 4

Progress reference frame 151 64.0 1

External achievement reference frame 122 51.7 2

Internal achievement reference frame 111 47.2 3

Note. Win frequencies are shown for comparisons with the social reference frame (n = 237), progress reference
frame (n = 236), ) external achievement reference frame (n =236), and internal achievement reference frame (n

= 235).
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A chi-square test for goodness of fit (with a =.05) was used to assess whether the four
reference frames were significantly more or less preferred for the before task performance.
There was a significant difference between the frequencies, y2 (3, N=472)=17.41,p =.001,
indicating that the participants do have a preference.

Subsequent to this, a chi-square test for goodness of fit (with o =.05) between pairs of
reference frames was used to assess whether one frame over another was significantly more
preferred. The frequencies between the SRF and PRF (i.e., rank 4 vs. rank 1) differed
significantly from each other, 2 (1,n = 239) = 16.61, p <.001, indicating that the PRF was
more preferred over the SRF. Furthermore, the frequencies between the SRF and E-ARF (i.e.,
rank 4 vs. rank 2) differed significantly from each other, ¥2 (1, n=210)=5.51, p =.019,
suggesting that the E-ARF was more preferred over the SRF. Although the I-ARF had more
wins than the SRF (i.e., rank 4 vs. rank 3), the frequencies were statistically equal from each
other, ¥2 (1, n =199) = 2.66, p = .103. Suggesting that this result should be handled with care.
The PRF has more wins than the E-ARF (i.e., rank 1 vs. rank 2). Yet there was no significant
difference between the frequencies, x2 (1, n =273) = 3.08, p =.079. Suggesting that this
result should be handled with care. There was a statistically significant difference between the
PRF and I-ARF frequencies (i.e., rank 1 vs. rank 3), y2 (1,n = 262) =6.11, p =.013,
indicating that the PRF was more preferred over the 1-ARF. Despite the fact that the E-ARF
has more wins than the I-ARF (i.e., rank 2 vs. rank 3), the frequencies were statistically equal
from each other, ¥2 (1, n =233) = 0.52, p = .471. Suggesting that this result should be handled
with care.

During Task Performance
Table 2 shows the results after 472 adaptive comparative judgments for the during task

performance. The ranking showed a moderate level of judge consistency coefficient of 0.65.
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Table 2

Descriptive Statistics for the Reference Frames in the During Task Performance

Reference frame Win frequency Rank
n %

Social reference frame 100 42.4 4

Progress reference frame 137 58.1 1

External achievement reference frame 133 56.4 2

Internal achievement reference frame 102 43.2 3

Note. Every reference frame was in the same amount of comparisons (n = 236).

A chi-square test for goodness of fit (with oo =.05) was used to assess whether the four
reference frames were significantly more or less preferred within during task performance.
The frequencies differed significantly from each other, 42 (3, N = 472) =9.88, p =.020,
indicating that the participants do have a preference.

In addition, a chi-square test for goodness of fit (with o =.05) between pairs of
reference frames was used to assess whether one frame over another was significantly more
preferred. A significant difference in frequencies between the SRF and PRF (i.e., rank 4 vs.
rank 1),%2 (1, n=237)=5.78, p =.016, and between the SRF and E-ARF (i.e., rank 4 vs.
rank 2), %2 (1, n = 233) = 4.67, p = .031, were found. Indicating that the PRF and E-ARF were
more preferred over the SRF. Although the I-ARF had more wins than the SRF (i.e., rank 3
vs. rank 4), statistical equality was found in frequencies, 2 (1, n = 202) =0.02, p = .888.
Indicating that this result should be handled with care. Despite the fact that the PRF had more
wins than the E-ARF (i.e., rank 1 vs. rank 2), the frequencies were statistically equal, %2 (1, n
=270) = 0.06, p = .808. Indicating that this result should be handled with care. There was a
significant difference in frequencies between the PRF and I-ARF (i.e., rank 1 vs. rank 3), ¥2
(1, n=239) =5.13, p = .024, indicating that the PRF was more preferred over the I-ARF. The

frequencies between the E-ARF and I-ARF (i.e., rank 2 vs. rank 3) were statistically different
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from each other, ¥2 (1, n = 235) = 4.09, p = .043, indicating that the E-ARF was more
preferred over the I-ARF.
After Task Performance

Table 3 shows the results after 472 adaptive comparative judgments for the after task

performance. The ranking showed a high level of judge consistency coefficient of 0.84.
Table 3

Descriptive Statistics for the Reference Frames in the After Task Performance

Reference frame Win frequency Rank
n %

Social reference frame 94 39.8 4

Progress reference frame 164 69.2 1

External achievement reference frame 120 50.8 2

Internal achievement reference frame 94 40.0 3

Note. Win frequencies are shown for comparisons with the social reference frame (n = 236), progress reference
frame (n = 237), external achievement reference frame (n = 236), and internal achievement reference frame (n =

235).

A chi-square test for goodness of fit (with o =.05) was used to assess whether the four
reference frames were significantly more or less preferred for the after task performance. The
frequencies were statistically different from each other, y2 (3, N = 472) = 27.73, p <.001,
indicating that the participants do have a preference.

Subsequent to this, a chi-square test for goodness of fit (with o =.05) between pairs of
reference frames was used to assess whether one frame over another is significantly more
preferred. The frequencies between the SRF and PRF (i.e., rank 4 vs. rank 1) were statistically
different from each other, ¥2 (1, n =258) = 18.99, p < .001, indicating that the PRF was more
preferred over the SRF. Numerically the E-ARF had more wins than the SRF (i.e., rank 2 vs.

rank 4). Nevertheless, the frequencies were statistically equal, 2 (1, n=214) = 3.16,p =
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.076. Suggesting that this result should be handled with care. The win distribution between I-
ARF and the SRF (i.e., rank 2 vs. rank 4) was equal. However, the win percentage for I-ARF
was higher. The frequencies were statistically equal from each other, %2 (1, n = 188) =0.00, p
= 1. Suggesting that this result should be handled with care. There was a statistically
significant difference between the PRF and E-ARF frequencies (i.e., rank 1 vs. rank 2), ¥2 (1,
n=284)=6.82, p =.009, indicating that the PRF was more preferred over the E-ARF.
Moreover, the frequencies between the PRF and I-ARF (i.e., rank 1 vs. rank 3) were
statistically different from each other, ¥2 (1, n = 258) = 18.88, p < .001. Suggesting that the
PRF was more preferred over the I-ARF. The E-ARF and I-ARF (i.e., rank 2 vs. rank 3),
differ in the amount of wins, but the frequencies were statistically equal, x2 (1, n = 214) =
3.16, p =.076. Indicating that this result should be handled with care.
Discussion
This study aimed to explore the preferred reference frame for different task
performances from a learners’ perspective. We focused on four reference frames: (a) social
reference frame, (b) progress reference frame, (c) external achievement reference frame, and
(d) internal achievement reference frame. Furthermore, we focused on three task
performances: (a) before task performance, (b) during task performance, and (c) after task
performance. This study used adaptive comparative judgments performed in the computer
software system RM Compare. This software system provided us with a rank order of the four
reference frames for the three task performances. In the following paragraphs, the findings,
limitations, and implications are discussed.
Our research question asked what type of reference frame learners preferred for the
different task performances. This study reveals that there is a preference for reference frames
for the different task performances. The progress reference frame was most preferred over the

other three reference frames for every performance task based on the win frequencies.
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Furthermore, the frequency distribution was analyzed between all possible pairs of reference
frames for each performance task. The results indicate that we cannot say with certainty that
the progress reference frame is most preferred for the three performance tasks. Only in the
after performance task, the progress reference frame was significantly different when
compared with the other three reference frames.

A possible explanation for these results could be found in of the achievement goal theory.
The trainees in this study might be more mastery goal-oriented. Trainees who are mastery
goal-oriented are self-driven and have higher levels of perseverance. They tendto learn
continuously and improve their skills (Ames, 1992; Dweck & Leggett, 1988). The preferred
reference frame depends on what the learner wants to know about their performance. If the
trainees are more mastery goal-oriented, they might be more interested in their progression
relative to previous attempts. This could be an possible explanation for our results.

Previous research showed that comparing to peers who perform better can lead to negative
feelings (e.g., stressand intimidation) and lower academic self-concept (Dijkstra et al., 2008;
Wise et al., 2014). However, social comparison could also stimulate motivation, increase
learner performance, and lead to feelings of superiority (Corrin & de Barba, 2015; Major et
al., 1991). Despite these mixed results, the social reference frame is the most common
reference frame for comparisons. Earlier research done by Jivet et al. (2017) revealed that the
social reference frame was rated by students as the lowest item among 26 other items.
Findings from the current study confirmed that the social reference frame is least preferred
based on the win frequencies. However, we cannot say this with certainty. Only a significant
difference was found in the during performance task between de social reference frame and
the other tree frames. These findings may contribute in refuting to per default use the social
reference frame and to consider the learner’s need for reference.

Limitations and Future Research
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It should be noted that our study knows several potential limitations. A first potential
limitation is the limited generalizability of the study. Even though we do get an insight into
learner preferences for reference frames, it only represents a homogeneous group in terms of
the workplace. Future research could elaborate on this and replicate the study with a more
heterogeneous sample of participants and a larger sample size.

A second limitation is the use of fictional data. The reference frame mock-ups were
specially designed by a team of educational scientists, instructional designers, and content
matter experts from the field of chemical engineering. However, it was designed with fictional
data. It can be discussed whether the same results would be found with the learner’s personal
learning analytics. It is possible that learners have more feeling with the reference frames
when it comes to their own learning analytics and that the preference might differ when
compared to the present study. Future research could examine the preference for reference
frames during virtual reality training followed by the participants.

Lastly, the way this research used the ACJ software system could be a potential
limitation. ACJ software systems are designed for a great sample sizes. The advantage of ACJ
is that not every possible comparison needs to be seen by every judge. After only 40-50% of
the total comparisons, the required level of accuracy is reached (Pollitt, 2011). However, in
this research, we set the number of comparisons at seven, and we only had four objects.
Although we have reliable results, this set number of comparisons could have influenced the
reliability and the other results. Looking into the comparisons made per participant, it occured
that pairs were compared more than once. Sometimes with different outcomes. Future
research could replicate this study but using the ACJ software system in an appropriate way.
Implications

Previous research has discussed the lack of insight into the perspective of and how

learners perceive LADs (Buckingham Shumet al., 2019; Ochoa & Wise, 2020). To our
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knowledge, this study was the first to explore learner preferences for learning analytics
regarding reference frames. Jivet (2017) already identified the three types of reference frames
used in LADs. This study shows that learners have a preference for the progress reference
frame.

In terms of practical use, this study can help inform policymakers with designing
guidelines for LA's presentation for ILE. LADs are mainly developed and designed through
the expertise of educational designers and LA researchers. However, in order for LADs to be
fully effective, it is also essential to take the learner's perspective into account. This study
gives an insight into the learner's perspective. This research might make the educational
designers and LA researchers aware of the fact that learners could have a different preference
than initially thought.

Conclusion

Where previous research focused on teacher preferences for LAD design, the current
study used a user-centered approach and focused on the learner and reference frames. This
study shows that learners do have a preference for a reference frame. T he progress reference
frame had the most win frequencies for all three task performances. However, one should be
cautious when interpreting these conclusions. Indeed, the progress reference frame was only
statistically different from the other three reference frames in the after performance task. With
this research, we were able to gain more insight into learner preferences for presenting
learning analytics. With these insights, we could contribute to the design of LADs in ILEs that

learners appreciate and might potentially supportthem in regulating their learning.
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