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Abstract 

An in-depth understanding of student experiences and evaluations of learning analytics 
dashboards (LADs) is needed to develop supportive learning analytics tools. This study 
investigates how students (N = 140) evaluated two student-facing LADs as a support for 
academic path-level self-regulated learning (SRL) through the concrete processes of 
planning and monitoring studies. Aim of the study was to gain new understanding about 
student perspectives for LAD use on academic path-level context. The study specifically 
focused on the student evaluations of the dashboard support and challenges, and the 
differences of student evaluations based on their self-efficacy beliefs and resource 
management strategies. The findings revealed that students evaluated dashboard use 
helpful for their study planning and monitoring, while the challenge aspects mostly 
included further information needs and development ideas. Students with higher self-
efficacy evaluated the dashboards as more helpful for study planning than those with 
lower self-efficacy, and students with lower help-seeking skills evaluated the dashboards 
as more helpful for study monitoring than those with higher help-seeking skills. The 
results indicate that the design of LAD can help students to focus on different aspects of 
study planning and monitoring and that students with different beliefs and capabilities 
might benefit from different LAD designs and use practices. The study provides theory-
informed approach for investigating LAD use in academic path-level context and extends 
current understanding of students as users of LADs. 

 
Keywords: Academic Paths; Learning-Analytics; Multiple-Case Study; Self-Regulated 
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1.  Introduction 

1.1  Background 

This study investigates how students evaluate two student-facing learning analytics dashboards 
(LADs) as a support for planning and monitoring their studies. LADs that are well-aligned with students’ 
needs hold the potential to support students by providing them actionable insights into their learning (Lim et 
al., 2020). However, what students report as relevant to see and use on dashboards often differs from what 
current LADs typically provide (Jivet et al., 2020; Viberg et al., 2020). Moreover, students’ perceptions and 
evaluations of the LAD feedback influence on their willingness to use such feedback productively 
(Schumacher & Ifenthaler, 2018). Therefore, there is a need to explore student evaluations and ideas of 
actionable feedback to develop LAD designs and LA use practices (Ochoa & Wise, 2021). 

This study focuses on academic-path level perspectives of LA use, which means that learning is 
approached beyond the course level, focusing on the longer-term educational practices and processes such as 
study periods and academic years (e.g., Ludvigsen et al., 2011). Previous research on learning analytics (LA) 
has broadly focused on course-level LADs and their use as a support for SRL (Viberg et al., 2020). Also, 
studies have focused on the institutional aspects of academic-path level support, such as predicting students’ 
risk for drop out or providing insights for academic advising (Gutiérrez et al., 2018; Ifenthaler & Yau, 2020). 
The academic path perspective provides an important window to explore how HE students’ capacity as 
learners and future professionals unfolds over time (e.g., Lahn, 2011; Vanthornout et al., 2017). Academic 
paths involve many situations where students need to make different educational choices and decisions, 
including the selection of major and minor subjects, time management inside and outside of class, and 
eventually, what kind of career they wish to build (Khiat, 2019; White, 2015). Supporting students on their 
academic paths with LA becomes ever more important for HE institutions with increasing student intakes, 
pressure to graduate in given times and organizing education in distance and hybrid formats (Pelletier et al., 
2022). 

To be able to succeed in their learning with the increasingly complex, technology-rich environments 
of higher education, students need strong self-regulation skills (SRL; Jansen et al., 2020; Järvelä et al., 
2011). Supporting SRL has been one of the major interests in the research of LADs (Matcha et al., 2019). 
However, current research has shown gaps in the ways support for SRL has been designed (Viberg et al., 
2020). Studies have addressed the imbalance in supporting the phases of SRL. While some of the LADs 
focus the support on evaluation and reflection phases, the others emphasize more goal setting and planning 
phases of SRL (Heikkinen et al., 2023; Jivet et al., 2017; Viberg et al., 2020). However, all phases of SRL 
are important for a successful SRL process (Panadero, 2017). This study aims to deepen the current 
understanding of students’ perspectives on support provided for the SRL process via LADs. We investigate 
how students evaluate the support and challenge aspects of two LADs in terms of their SRL process. 

Students’ success in self-regulated learning is influenced by multiple factors. Students’ motivational 
beliefs, such as self-efficacy beliefs, and their use of learning strategies have an interdependent relationship 
with the success of their SRL (Broadbent, 2017; Zimmerman, 2000). Students who have strong self-efficacy 
beliefs are likely to perform higher in academic achievement since they are more willing to approach 
challenging learning activities, put forth more effort and persist longer at difficult activities, and use SRL 
strategies more effectively compared to those students with weak self-efficacy beliefs (Schunk, 1991). 
Resource management strategies describe how students can utilize the resources available for their learning, 
such as elements in their learning environment, or asking help from teachers or their peers (Pintrich et al., 
1991). Self-efficacy beliefs and resource management strategies can influence how students evaluate, 
interpret, and are able to utilize feedback provided via LADs (Aguilar & Baek, 2019; Rets et al., 2021). In 
this study, we investigate how students’ self-efficacy beliefs and resource management strategies are 
associated with their evaluations of the LAD support for their SRL. 

This study applies a multiple-case design to explore students’ evaluations of the two LADs. The 
study aims to deepen existing understanding of how students articulate the support and challenge aspects of 
the two LADs in terms of their SRL. This will increase contextualized understanding of the user aspects for 
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LAD design in the context of academic paths. Furthermore, this study analyzes the association between 
students’ self-efficacy beliefs and resource management strategies with student evaluations. This will deepen 
the existing understanding of the individual differences in students’ capacities to productively utilize the 
feedback provided via LADs.  

1.2.  SRL on the academic-path level 

SRL is defined as a continuous, cyclical process through which a student engages in making a 
strategic effort for learning (Winne, 2011). According to the SRL model of Winne and Hadwin (1998), SRL 
takes place through four linked phases 1) task understanding, 2) goal setting, 3) studying tactics, and 4) 
adaptation. The four phases are open and recursive, which means that they do not always unfold in the same 
order and that the work done in the earlier phases update the conditions in which students conduct their 
learning activities during the next cycle of regulation activity (Panadero, 2017; Winne & Hadwin, 1998). 
This model of SRL was selected in this study because on the academic-path level, students need to become 
aware, for example, of the rules and requirements of the different courses to be able to plan their studies. As 
compared with other SRL models, specific for Winne and Hadwin’s (1998) model of SRL is that the phases 
of task understanding and goal setting have been separated, which helps to formulate more specific ways of 
supporting SRL (Greene & Azevedo, 2007). Studies of LA design and student experiences have discussed 
the ways LADs support the phases of the SRL process (Heikkinen et al., 2023; Viberg et al., 2020). We 
investigate student perspectives for LAD use through the concrete processes of study planning and 
monitoring processes that contextualize and operationalize the four phases SRL process on an academic-path 
level. This offers a new theoretical approach in a context where LA has previously been typically developed 
in data- and practice-oriented ways (Mendez et al., 2021). 

In Finnish higher education, study planning and monitoring processes are guided by the creation of a 
personal study plan (PSP) in the study information system. The purpose of the PSP is to help students make 
their educational choices, select their major- and minor subjects, and help advisors and students monitor and 
reflect on study progression throughout the academic paths. Thus, LADs discussed in this study focus on the 
study planning and monitoring processes with the data related to the PSP and study information system. 

1.2.1  Study planning 

The first two phases of SRL, namely context understanding and goal setting, are in a major role in 
the study planning process. The construction of the objects is necessary for coordination to take place and 
create order for the students so they can experience continuity in their academic paths (Ludvigsen et al., 
2011). 

In the first phase, 1) understanding the study context, students become familiar with the affordances 
and constraints of making a personal study plan (PSPs) in their respective degree programs. Students have an 
opportunity to familiarize themselves with the goals and missions of an institution as well as the rationale 
and structure of the studies (White, 2015). Students formulate an understanding of their upcoming studies to 
set the overall objectives for conducting their degree. In the original model of Winne and Hadwin (1998), 
this is a task-understanding phase that explains how a student generates a perception about what the studying 
task is and what constraints and resources are in place. 

 In the second phase, 2) Goal setting and planning, students set goals for studying and plan how to 
reach them during study periods and academic years (Winne, 2011). Students have a chance to reflect on 
their individual interests, needs, and expectations regarding the available educational possibilities and 
constraints (White, 2015). In the original model of Winne and Hadwin (1998), this phase explains how a 
student generates goals and constructs a plan for addressing a study task. 

1.2.2  Study monitoring 

When students monitor their learning, they connect the historical aspects of learning with their 
present and formulate perceptions of their future academic paths (Ludvigsen et al., 2011). In the third phase 
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of SRL, 3) Enacting the (study) plan, students use their PSPs to monitor their study progression in relation to 
their own and institutional goals, and to make necessary adaptations to their plans (Winne, 2011). 
Monitoring is crucial for students to continue reflecting the quality and relevance of the set plan (Winne, 
2011). On academic-path level students typically focus on coordinating several courses and their learning 
goals in parallel, managing their time and available individual resources for studying. In the original model 
of Winne and Hadwin (1998), this phase is called enacting study tactics and strategies, and it describes how 
the plan of study tactics that was created is carried out. 

The fourth phase, 4) Adaptation of the (study) plan describes how at chosen points in time, the 
entire plan may be evaluated. This is an important step to make adaptations such as setting more specific or 
different types of goals for following semesters, selecting different types of courses, or stretching the time 
used for their degree. In the original model of Winne and Hadwin (1998), the last phase is described as a 
large-scale adaptation, and it focuses on how students evaluate the entire approach that they selected to work 
on their task based on their overall experience of studying in the first three stages (Winne & Hadwin, 1998). 

1.3.  Self-efficacy beliefs and resource management strategies 

Self-efficacy is students’ motivational perception of their capabilities to succeed in upcoming 
learning processes and tasks and to achieve a desired outcome (Bandura, 1977; Schunk, 1991). Self-efficacy 
beliefs have a reciprocal influence on students’ SRL, such as their use of different learning strategies (Järvelä 
et al., 2011). Students who have strong self-efficacy beliefs are likely to perform higher in academic 
achievement since they are more willing to approach challenging learning activities, put forth more effort 
and persist longer at difficult activities, and use SRL strategies more effectively compared to those students 
with weak self-efficacy beliefs (Schunk, 1991). Students with higher self-efficacy beliefs are more capable in 
utilizing feedback to improve their learning strategies and outcomes (Li et al., 2022). Thus, it is expected in 
this study that students with higher self-efficacy beliefs provide more positive evaluations of LADs to 
support their SRL. 

Knowledge of SRL strategies is an influential part of students’ SRL competence (Dresel et al., 
2015). Resource management strategies include skills such as time management, and managing study 
environment, effort regulation such as prioritizing and planning one’s use of time, and help-seeking skills 
such as how well students engage in support-seeking strategies such as asking for help from others (Dresel et 
al., 2015). These strategies are highlighted beyond the course level when students control and coordinate 
their parallel learning processes throughout different contexts and assignments. Learners who are less fluent 
in self-regulating their learning, use more intensively actionable feedback about their learning (Tempelaar, 
2019). Studies have also indicated that students with fluent SRL skills consider dashboard elements relevant 
to their learning (Jivet et al., 2020). Thus, it is expected that students with high resource management 
strategies provide more positive evaluations of LADs than students with low resource management 
strategies. 

2.  Research aims 

We ground the analysis of student evaluations with the four phases of SRL to explore how students perceive 
the dashboards supporting their study planning and monitoring on the academic path level. We focus on the 
student perspectives on LADs in authentic contexts through two cases where students were instructed to test 
the dashboards and to reflect on their experience. This study addresses the following research questions: 

1) How did the students evaluate the LADs as a support for SRL phases?  
2) What kind of challenges did the students identify in LADs in terms of support for SRL phases? 
3) How were the students’ self-efficacy beliefs and resource management strategies associated with 

students’ experienced support or challenges? 

We set the following hypotheses to study the association of self-efficacy beliefs and resource 
management strategies with student evaluations of the support and challenge aspects of the dashboards: 
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Hypothesis 1: Higher self-efficacy beliefs are associated with more positive evaluations of LADs to support 
the SRL on the academic path level. 

Hypothesis 2: Higher resource management strategies are associated with more positive evaluations of LADs 
to support the SRL on the academic path level. 

3.  Materials and methods 

3.1.  Study context 

We applied a multiple-case design (Yin, 2009) to explore student evaluations of LADs. This enabled 
contextualized exploration of students’ LAD evaluations. In Finnish higher education, each student creates a 
personal study plan (PSP) that contains all courses and major and minor electives that they plan to include in 
their academic path. The PSP is used as a reflection tool for students and advisors to monitor and reflect the 
study progression through their PSPs. 

The design of the two LADs were developed within a multidisciplinary project team including 
members from seven Finnish universities. The project focused on identifying essential aspects of legal, 
ethical, institutional, and pedagogical design and deployment of LA in HE institutions. The development 
process of student-facing LADs started by investigating students’ information and support needs (Silvola et 
al., 2021a). After that, the use of registry data was explored, and analysis methods for visualizing data were 
analyzed and evaluated within the development team. During the process, a multidisciplinary development 
team defined the criteria for the LAD design. At first, the usability and fluency of the use of LADs were 
investigated with students (Silvola et al., 2021b; Gedrimiene et al., 2022). This study focuses on the use of 
LADs as a support for the study planning and monitoring process, thus providing new evidence about the 
relevance and usefulness of the designed LADs. 

The LADs were developed in two Finnish universities in interdisciplinary developer teams. The 
LADs use students’ registry-based data (PSPs, credits achieved, timeline of achieved credits) and degree-
structure information. The goal of both LADs was to facilitate the process in which a student creates a PSP, 
sets goals for studies, and monitors the enacting of one’s plans. In this study, one dashboard pilot constituted 
a case. In the two cases, the participants were higher education students who had a task to plan and monitor 
their studies with the help of the LAD feedback. The cases were different in terms of the dashboard design 
(AnalyticsAI and PowerBI) and the participant group (table 1). The two cases provided a window to 
understand similarities and differences in students’ evaluations of the two different LAD designs. This 
information is important to further improve academic path-level support for students via LADs. 

Table 1 

Overview of the two cases in the study 

Testing         AnalyticsAI           PowerBI 
Participants (N) 104 36 

Data used Artificial study registry data Study registry data 
LA positioning Visualizations included directly at 

the interactive platform 
Visualizations included in the 
dashboard with no interactive 

elements 

3.1.1  AnalyticsAI 

AnalyticsAI focused on interactively supporting the PSP creation process by providing real-time 
feedback (Figure 1). To help students to create a quality plan, feedback was provided about the 1) number of 
courses chosen, 2) division of the workload, and 3) parts of the degree included in the plan. LA was 
positioned to provide feedback for students while they were modifying the suggested template of their 
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studies or when students wanted to see how their studies were progressing. The visualizations filtered 
information about 1) the institutional requirements for the academic path, 2) the individual goals the students 
had set for their PSP, 3) the student’s prior activity, and 4) the timeline for the studies. The dashboard 
visualized how many courses students had completed from their PSPs (Figures 2,3), and how their 
progression speed responded to the graduation time goal they had set. The dashboard included 
recommendations about the courses that others with similar plans had chosen. The content was divided into 
three main sections, where the “Dashboard” and “Studies” sections included information about the degree 
structure and PSP respectively (Figure 1). The “Timetable” section provided information about students’ 
course schedules and exams. The “Dashboard” section contained an overview of students’ progression 
according to the created PSP and selected degree structure (Figure 1). 

 

 

Figure 1. Study planning view: a planning template that students modify by adding and removing courses. 
Students can overview the structure of the studies, see how their studies divide within study periods, and see 
their study records to update the PSP. 

 

Figure 2. Visualization of student’s planned and completed courses for bachelor's degree. 



Silvola et al. 
 

84 | F L R  
 

 

Figure 3. Visualization of students’ progression during an academic year, comparison with the planned 
ECTs with the completed ECTs. 

3.1.2  PowerBI 

In PowerBI the content was divided to visualize the PSP and to provide an overview of the current 
progression in the studies. Students could modify their PSP based on the provided feedback in the platform 
separate from PowerBI. The visualizations provided information about 1) individual goals that students set 
for their PSPs (Figure 4), 2) information about a students’ own prior activity, including timelines of study 
progression (Figure 5), 3) the distribution of the grades according to the study field and degree part (Figure 
3)  4) peer comparison information to support monitoring (Figure 6), 4) and an estimation of the graduation 
time based on the number of completed and required credits for a given degree program. With the help of the 
dashboard, students could take an overview of their ongoing and upcoming courses selected into their PSP 
during the one academic year (Figure 6). 

 
Figure 4. Planning view of PowerBI dashboard 
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Figure 5. Visualizations of student grades (Gedrimiene et al., 2022). On the first row: a) Timeline of 
students’ numerical grades on courses, b) Average of numerical grades per year. On the second row: c) 
distribution of the grades according to study field, d) distribution of grades according to study type. 

 

Figure 6. Overview of student progression based on the PSP for the selected year. Left: bar plot indicating 
planned and completed courses including peer completion comparison. Right: radar plot with peer grade 
comparison (Gedrimiene et al., 2022). 

3.2  Participants 

In case 1, the use of artificial study registry data in the testing enabled participation in the study with 
different levels of experience from HE studies. Participants (n = 104) were from five Finnish universities (37 
male, 67 female) from various fields, such as natural sciences, engineering, ICT fields, health sciences, 
educational sciences, economics, medicine, humanities, and social sciences. The sample consisted of 76 
Finnish students and 28 international students at various stages of their studies, the age distribution is 
presented in Table 2. 

In case 2, the use of study registry information in the testing limited the group of participants to 
those who already had studied in university at least one year and already had completed and planned courses 
in their study registry. Participants (n = 36) were from a Finnish university (20 female, 16 male). The sample 
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consisted of 20 bachelor’s phase and 16 master’s phase students from educational sciences (23 students) and 
electrical engineering (13 students). The age distribution is presented in Table 2. Students from educational 
sciences and electrical engineering were invited to participate in the study so that feedback from students 
with different educational backgrounds would be obtained. 

Table 2 

Age of participants 

Age Case 1 (N=104) Case 2 (N=36) 
18-22 53.8% 40.5 % 
23-27 29.8 % 32.4 % 

28 or older 16.3 % 27% 

3.3.  Data collection 

Research data was collected through an online questionnaire, and the same protocol was used to 
collect data in both cases. Data collection protocol included pre-questionnaire, instructed LAD testing, and 
post-questionnaire. Students were introduced to LAD use with the instructions included in the protocol. 
Likert-scale questionnaire items measured students’ self-efficacy beliefs and resource management strategies 
(based on the MSLQ, Pintrich et al., 1991), and open-ended questions measured students’ evaluations of the 
LADs. 

The pre-questionnaire consisted of items on student background information (age, gender, grade, 
field) and two modules from the Motivated Strategies for Learning Questionnaire (MSLQ). The first module 
was self-efficacy beliefs including the scales control of learning beliefs (example question: If I try hard 
enough, then I will understand the contents in my studies) and self-efficacy beliefs (I believe I will receive 
excellent grades in my studies). The second module was resource management strategies including the scales 
effort regulation (Even when course materials are dull and uninteresting, I manage to keep working until I 
finish), help-seeking (When I can't understand the course material, I ask another student for help) and study 
environment (I have a regular place set aside for studying) and time management strategies (I often find that 
I don't spend very much time on my studies because of other activities) (Table 3, Pintrich et al., 1991). The 
reliability of the MSLQ items was tested with Cronbach’s alpha values for each scale (Table 3). The internal 
consistency values for the questionnaire scales were similar to the original values of Pintrich et al. (1991) 
except for the effort regulation scale, which remained lower (0.47) than the original (0.69). One item was 
removed from the help-seeking scale to improve internal consistency. In the pre-questionnaire, students 
evaluated their self-efficacy beliefs and resource management strategies using seven-point Likert scale items 
from 1 (strongly disagree) to 7 (strongly agree). Students were asked to think about their university studies at 
a general level when answering these questions. 

Table 3 

Descriptive statistics for the selected questionnaire scales (Pintrich et al., 1991). 

Scale (Likert scale 1–7) Mean SD Cronbach’s 
alpha 

Self-efficacy 
Control of learning beliefs 5.29 .918 0.697 

Self-efficacy 5.24 .915 0.694 
Resource management strategies 

Effort regulation 4.74 .738 0.474 
Help-seeking 4.87 .805 0.604 
Study environment 4.09 .745 0.615 
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In the post-questionnaire, student evaluations were collected through three open-ended questions focused on 
support and challenge aspects that students identified when using the dashboards for study planning and 
monitoring: 

1) What things (in the service) were useful in planning and monitoring your studies? 
2) What things were challenging? 
3) How would you develop the service? 

3.4  Data analysis 

Data analysis was conducted in three parts. First, qualitative Content Analysis was selected as an 
analytical approach to enable systematic and quantifiable analysis of open-ended answers (Chi, 1997). In the 
second phase, the results of the analysis were quantified. Finally, t-tests were conducted to analyze the 
association with students’ evaluations, self-efficacy beliefs, and resource management strategies (RQ3). 

3.4.1  Qualitative content analysis 

Four phases of SRL (Winne & Hadwin, 1998) were used as main categories to structure the analysis 
of student evaluations of the LA dashboards (Table 4). The fourth phase of the model, the adaptation of the 
plan, was left out of the analysis since the research design did not enable students to evaluate how the 
dashboards could support adaptation phase. The coding scheme focused on identifying how LADs supported 
study planning and monitoring processes and what kind of challenges students identified in using LADs. 
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Table 4 

Coding scheme for main categories to analyze student evaluations of LADs’ support and challenge aspects 
(White, 2015; Winne, 2011; Winne & Hadwin, 1998) 

 Main Category Category Description 

Study 
Planning 

1) Understanding of 
the study context 

The student becomes familiar with the affordances and 
constraints of choosing their courses and making a PSP. They 
come to understand the institutional rules and expectations for 
creating a study plan. 

 2) Goal setting  The student sets goals for studying and plans how to reach them 
during study periods and academic years. This enables students 
to compare their individual goals and interests with available 
courses. 

Study 
Monitoring 

3) Enacting the plan The student starts to complete courses according to the set study 
plan. As studies progress, the student starts to monitor their 
progression based on two standards: institutional and individual 
goals for study progression and achievement. 

 
Open-ended answers from cases 1 and 2 were first analyzed separately. At first, the responses were 

categorized into support or challenge aspects and then divided into the three phases of SRL based on the 
theory-oriented category descriptions in Table 4. Support and challenge aspects were analyzed separately. 
Subcategories were formulated based on the themes that arose from the data. This allowed analysis of what 
kind of aspects students emphasized as supportive or challenging in LADs. The unit of analysis was one 
mentioned theme in the open-ended answer and the length of the unit of analysis varied from one word to 
one sentence. One open-ended answer could include several units of analysis. No overlapping was allowed 
between coding categories. The reliability of the coding was ensured by two coders coding 15% of the open-
ended answers. Cohen’s kappa was calculated at K = 0.96, which indicates high reliability (Salkind, 2010). 

The data from both cases were combined into one dataset, and all qualitative main- and 
subcategories were quantified by transforming each response into a discrete variable (1 = response in the 
category, 0 = no response in the category) for the quantitative analyses. Similar main- and subcategories 
were identified from both cases for further analysis. The categories identified from both cases were time 
management planning from the goal setting phase (N(0) = 108, N(1) = 32), the enacting-the-plan phase (N(0) 
= 108, N(1) =  32), and goal setting challenges (N(0) = 82, N(1) = 58). Thus, the common categories were 
selected for further analysis. 

3.4.2  Quantitative data analysis 

To analyze the association of self-efficacy beliefs and resource management strategies with the 
student evaluations of the dashboard support and challenges, Welch t-tests were conducted. Welch t-test was 
used, as it is better than a Student’s t-test at comparing the means of two independent groups when sample 
sizes and variances are not equal between the groups. A t-test was conducted between each measured 
subscale (control of learning beliefs, self-efficacy, effort regulation, help-seeking, and study environment) 
and such main- and subcategories that were common for both cases (time management planning from goal 
setting phase, enacting-the-plan phase, and goal setting challenges).  
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4  Results 

4.1.  Student evaluations of the dashboards’ support for study planning and monitoring 

4.1.1.  AnalyticsAI 

Student evaluations of AnalyticsAI emphasized the support for the context-understanding and goal 
setting phases of SRL (Table 5). 

Table 5 

Support aspects for study planning and monitoring that student evaluated in AnalyticsAI. 

 Main category Subcategory ƒ % 
Study planning Understanding study 

context 
Suggested plan template 13 12.5 

 Course information 9 8.7 
 Quality of the plan 7 6.7 
 Goal setting Course recommendations 12 11.5 
 Modifiability of the plan 23 22.1 
 Time management planning 21 20.2 
    
    

Study 
monitoring 

Enacting the plan Progression monitoring 
support 

18 17.3 

 
At the context-understanding phase, students found that the dashboard helped them to understand 

how to start planning their degree by providing a suggested plan template (ƒ = 13): “The suggested degree 
structure that enables adding and removing courses” and “Mandatory contents of the degree available in the 
suggested plan.” They explained it as a fluent way of planning to start modifying the plan based on the 
degree requirements and their own interests. Also, a tool provided information about the courses (ƒ = 9): 
“Periodic course search seems like an easy way to find more courses”. and some students liked that they got 
important feedback about whether their plan met the institutional requirements for the degree (ƒ = 7): 
“Seeing how to divide your classes in order to graduate earlier”. 

Many student evaluations of AnalyticsAI were focused on the goal setting phase. Students found that 
the tool supported them by providing insights for workload planning and time management (ƒ = 21): “The 
view for the academic year was useful since it enabled to plan the timing of the courses and the division of 
the courses between academic years” and “It was easy to follow the workload of the studies in the planning 
phase.” Students also felt that the course recommendations (ƒ = 12) were supporting their goal setting phase 
with suggestions of courses that might suit their plans: “It's good that the system already has courses built in. 
It was easy to choose the courses based on that.”. The modifiability of the plan (ƒ = 23) helped students to 
set relevant goals: “You got options for creating several study plans and modify it”. Students could first try 
out different plans and see from the visualizations what these plans would look like. 

At the enacting-the-plan phase, students reported that the views on the tool could support their 
progression monitoring (ƒ = 18). They described the views that showed their completed courses and the 
overview about the study progress as important: “Possibility to follow my studies in a timely manner” and 
“It is easy to see past and upcoming studies as a whole and by study periods.” Students specifically 
mentioned that the possibility to see completed and upcoming planned courses in the same view on the front 
page was useful for them. 

Students identified challenges, support needs, and development ideas related to the context-
understanding and goal setting phases of SRL (Table 6). Students reported a need for more information 
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about the study structures (ƒ = 29) to be able to better plan their studies: “Maybe making things more fluent 
for beginners and recommending studies by default could be a good idea because someone who knows what 
they are doing can easily remove things, while someone who has no idea what they are doing may need some 
help.” They suggested that the service could provide more information that is typically provided through 
study guidebooks, such as:” More instructions about the structure of the degree or at least a link for a study 
guide from which you could easily see the structure.” These were for example pre-requirements of the 
courses, the rules of how and what major and minor studies should be chosen, information about language 
studies, and more step-by-step guidance on how to formulate a PSP. 

Table 6 

Challenges students identified when using AnalyticsAI. 

 Main category Subcategory ƒ % 
Study 

planning 
Context-understanding 

challenges 
Information about the study 

structures 
29 27.9 

Goal setting challenges Anticipation of the resource use 23 22.1 
Recognition of the individual goals 6 5.8 

Plan modification challenges 34 32.7    
Study 

monitoring 
Monitoring challenges - 0 0 

 
Students suggested that the tool could provide even more support for the anticipation of their 

resource use as a support for goal setting (ƒ = 27): “To think how many courses I can have a year” and “To 
see if courses overlap.” Some students reported that it was difficult to recognize individual interests (ƒ = 6) 
and that there were also technical difficulties with modifying the plan (ƒ = 34), such as adding or choosing 
courses: “(It is difficult) to find the courses for the right period. The calendar could have periods separately, 
or there could be a whole year view added.” 

4.1.2.  PowerBI 

PowerBI specifically supported the goal setting and enacting-the-plan phases of SRL (Table 7). 
Students felt that the tool was important in formulating and overviewing their studies. 

Table 7 

Support aspects students identified in PowerBI.  

 Main Category Subcategory ƒ % 
Study planning Understanding the study 

context 
- 0 0 

 Goal setting An overview of studies 12 33.3 
 Time management planning 12 33.3 

Study monitoring Enacting the plan Progression monitoring support 27 75 
 Information about progression 13 36.1 
 Adapting the plan 3 8.3 

 
For goal setting phase, students described that PowerBI provided them an important overview of 

their studies (ƒ = 12), such as the number of credits in each semester, seeing course credits separately and in 
total, and views that helped to get an overview of a planned academic path: “It shows my credits and subjects 
from my studies, it helps me plan and look at the projection” and “I can see the courses credits separately 
and in total, which gives a good idea for my plan in addition to having filters and visualizations.” Students 
found that the tool helped them with time management planning, such as workload division in each study 
period (ƒ = 12). At the enacting-the-plan phase, students described that PowerBI supported their progression 
monitoring (ƒ = 27) by providing important overviews of completed and planned courses. Students 
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mentioned that the views provided them with information about the longer-term course performance and 
allowed them to reflect on upcoming semesters as well. Students liked the possibility of seeing an estimation 
of their graduation time based on their current progression speed: “The views can help to notify that with this 
pace graduation will not happen according to the originally planned schedule.” Some students explained that 
these monitoring views also helped them to adapt their upcoming plans based on their current evaluations of 
how they were doing (ƒ = 3). Students found that the dashboard could help them to notice if they were not 
going to graduate according to their plan and helped in deciding what kinds of actions to take next. 

The tool provided students with information on their progression (ƒ = 13), especially through the 
view in which they could compare their own grades with those of their peers, as well as insights into how 
they were doing with their courses: “It is interesting to see my grades compared to others. It is also 
interesting to see in picture form how I am progressing in my study plan” and “The information about the 
performance of other students helps me to better understand my own study (success).” 

Students identified challenges, support needs, and development ideas related to the goal setting and 
enacting-the-plan phases of SRL (Table 8). As the sample size was smaller than that in case 1, no 
subcategories were identified from the challenge aspects in the PowerBI  case. 

Table 8 

Challenges students identified in PowerBI. 

 Main Category ƒ % 
Study planning Context-understanding challenges 0 0 

 Goal setting challenges 12 33.3 
Study monitoring Monitoring challenges 21 58.3 

 
For the goal setting phase (ƒ = 12), students suggested more clarity in visualizations that helps 

planning or that it did not provide enough ideas about further opportunities and alternatives. Some students 
described that they did not have an idea about how to modify their study plans: “It does not give me ideas 
about further opportunities and alternatives” or that the dashboard was not very relevant to their degree: 
“However, most of the courses in our program are mandatory, so I don't have much space to plan the courses 
by myself, so I am not sure if I can make good use of this tool as much.” 

As a challenge for monitoring (ƒ = 21), students found that the tool would provide them with 
information in more detail, or that the information was not relevant from the aspect of their study field: “It 
isn't super useful, I think, primarily I personally have a good sense of the progression and courses just by 
looking at my PSP.” Some students explained that in their field, many courses are assessed as either passed 
or failed when some of the visualizations (radar plot) did not show relevant information for them. 
Additionally, students recommended that the dashboard could suggest certain electives to choose from for 
upcoming studies or provide more predictions of their degree progression. 

The results of the qualitative content analysis show that both dashboards, AnalyticsAI and PowerBI, 
supported students to analytically reflect on their study planning and monitoring processes. The support and 
challenge aspects of AnalyticsAI addressed that the dashboard focused especially on the study planning 
process, while the PowerBI visualizations were discussed more from the study monitoring aspects. In the 
following sections, the results of the qualitative content analysis are described. 

4.2  The association of self-efficacy beliefs and resource management strategies with student 
evaluations 

According to the results of the Welch t-tests, self-efficacy had a significant association with the 
student evaluations of the dashboard in the goal setting phase (Table 9). The results of the t-tests indicate that 
students who mentioned time management planning as a supportive aspect of the dashboards had 
significantly higher self-efficacy than those who did not mention it; t(49) = -2.92, p = .005. Students who 
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mentioned challenges in the goal setting phase had significantly lower self-efficacy, t(123) = 2.64, p = .009, 
compared to the students who did not mention them. 

From the subscales of resource management strategies, students who identified support aspects for 
the enacting-the-plan phase indicated significantly lower help-seeking compared to those who did not 
mention it; t(76) = 1.06, p = .043, g = .641. No other significant differences were identified from the other 
subscales of resource management strategies (Table 9). 

Table 9 

T-test results for the categories of time management planning and enacting the plan as supportive aspects of 
the dashboard. Goal setting challenges as challenging aspects. 

  Time management planning 
(Goal setting phase of SRL) 

Enacting the plan 
(Enacting the plan phase of 

SRL) 

 Goal setting challenges 
(Goal setting phase of 

SRL) 

 0(N=108) 1(N=32) 0(N=98) 1(N=42) 0(N=82) 1(N=58) 

Self-efficacy M = 4.81,  
SD = 0.89 

M = 5.34,  
SD = 0.92 

M = 4.87, 
 SD = 0.93 

M = 5.07,  
SD = 0.89 

M = 5.10, 
 SD = 
0.90 

M = 4.69,  
SD = 0.90 

 t(49) = -2.92, p = .005*,  
g = 0.591a 

t(81) = -1.22, p = .225,  
g = 0.218 

t(123) = 2.64, p = .009, 
g = 0.456* 

Effort 
regulation 

M = 0.39,  
SD = 0.92 

M = 0.43,  
SD = 0.9 

M = 0.39,  
SD = 0.91 

M = 0.40,  
SD = 0.95 

M = 0.51, 
 SD = 
0.86 

M = 0.25,  
SD = 0.93 

 t(55) = -0.22, p = .825,  
g = 0.043 

t(81) = -0.04, p = .967,  
g = 0.011 

t(117) = 1.66, p = .100, 
g = 0.292 

Help seeking M = 2.20,  
SD = 0.94 

M = 2.44,  
SD = 0.97 

M = 2.60,  
SD = 0.93 

M = 2.00,  
SD = 0.95 

M = 2.17,  
SD = 
0.99 

M = 2.37,  
SD = 0.89 

 t(50) = -1.24, p = .219,  
g = 0.253 

t(76) = 1.06, p = .043, 
 g = 0.641 

t(130) = -1.23, p = .223, 
g = 0.211 

Study 
environment 

M = 0.39,  
SD = 1.10 

M = 0.73, 
 SD = 1.05 

M = 0.44,  
SD = 1.05 

M = 0.52,  
SD = 1.20 

M = 0.57,  
SD = 
1.11 

M = 0.32, 
 SD = 1.06 

 t(53) = -1.59, p = .119, 
 g = 0.312 

t(69) = -0.35, p = .729,  
g = 0.073 

t(126) = 1.32, p = .190, 
g = 0.229 

 
Note: 0 = students who did not mention the category in their open-ended answers, 1 = students who 
mentioned the category in their open-ended answers. 
a = Hedges’ g.  
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5.  Discussion 

In this study, student evaluations of two different LADs as support for study planning and 
monitoring were examined through two cases. The findings of this study showed that both LADs provided 
useful feedback for study planning and monitoring processes, but the LADs differed in terms of how support 
was divided within the three phases of SRL. The challenges emerged especially due to the granularity level 
of the feedback provided. Furthermore, students’ evaluations of the LADs differed based on their self-
efficacy beliefs and help-seeking skills. 

The study planning process was supported especially by AnalyticsAI. AnalyticsAI provided 
information for understanding the context of planning the studies. However, the lack of sufficient 
information for understanding the planning context was raised as a challenge. Both AnalyticsAI and 
PowerBI provided support for goal setting phase. Specifically, support for planning time management was 
considered useful in both LADs. Also, many challenges were reported in the goal setting phase, in particular, 
related to challenges in editing the plan, and time management planning in the goal setting process. Some 
students reported that it was difficult to set goals for their PSP, since it was difficult to recognize their 
individual goals and interests. This finding could be used to develop both more student-centered information 
sources of students’ goals for LADs, and to develop academic advising practices that utilize such LADs, but 
also guide students to reflect on their personal goals. In PowerBI, planning was supported by an overview of 
studies and views supporting time planning. However, students suggested development of the PowerBI in 
terms of providing more insights into how to adjust their plans based on the provided information. In 
previous studies of LADs, support for planning and organizing studies has been considered important by the 
students (Schumacher & Ifenthaler, 2018). Furthermore, supporting goal setting phase has been well 
included in the dashboard designs aiming to support SRL processes (Viberg et al., 2020). 

Study monitoring process support was highlighted in PowerBI. Here, students described that the 
overview of studies -view in particular helped students to visualize how their studies have progressed in 
relation to their PSP, what the current study progression looks like in relation to the estimated time of 
completion. Some students described that the overview made it easy to plan what changes were needed to 
their own plans. However, this was contradictory with some students criticizing overviews in the planning 
process for not giving actionable feedback for the planning process. AnalyticsAI also supported monitoring 
by providing views of the student's progress. For both LADs, the challenge was that more detailed 
information on progress was needed to support monitoring. This is an important finding for developing LA 
design and use in academic path-level studies. In addition, some students reported that the data did not seem 
as actionable for the students from different study fields. It has been noted that the structure and goals of the 
degrees vary between fields. 

In the testing of LADs, students identified aspects that could help them to refine thinking about their 
academic path, with added knowledge for decisions about the next steps and adjusting plans. These findings 
are in line with the previous research suggesting that LADs can help students identify upcoming next steps in 
their learning and elaborate their thinking about their learning (Aguilar et al., 2021; Jivet et al., 2020). The 
students in the two cases evaluated the LADs in different phases of their academic paths. In case 1, students 
were from different grades, but it is expected that many of them had the planning task ahead when the data 
was collected during the opening event of an academic year. In case 2, students were 3rd and 4th year 
students, who already have created their PSPs and may benefit more from the monitoring views. Thus, more 
research would be needed about the support needed for planning and monitoring processes in different 
phases of academic paths. 

One important advance of LA is to provide personalized feedback to different students (Van 
Leeuwen et al., 2022). In this study, the association with students’ evaluations, self-efficacy beliefs, and 
resource management strategies were examined. Students who found that the dashboards helped them with 
time management planning had higher self-efficacy beliefs than those who did not report such support. 
Furthermore, students who reported challenges with LAD in goal setting had lower self-efficacy beliefs than 
those who did not report challenges. These results support hypothesis 1. In the tested LADs, time 



Silvola et al. 
 

94 | F L R  
 

management planning was guided with several visualizations, and it emerged as an important support aspect 
for goal setting phase of SRL. Based on previous research, setting can be challenging for students with low 
self-efficacy (Zimmerman, 2000). There is a need to consider students' perceptions of self-efficacy in LA 
design so that LA tools do not only support students who are already successful in their studies. The findings 
are in line with Rets et al. (2021) study in which students’ self-efficacy beliefs impacted how useful they 
perceived the feedback provided via dashboards. 

Students who evaluated the dashboards as helpful in study monitoring had lower help-seeking skills. 
No associations were found with other resource management strategies. Therefore, hypothesis 2 is only 
partially supported. The findings align with the previous research showing how students’ help-seeking skills 
associate with the perceived usefulness of LADs for monitoring learning (Aguilar & Baek, 2019; Jivet et al., 
2018). This finding is essential for the development of LA to support monitoring. Especially in online and 
hybrid contexts, it can be more challenging for students to activate different learning strategies (Broadbent, 
2017). On the level of academic paths, it can also sometimes be challenging to identify from students’ 
perspective, where to ask for help with learning or study-related issues. Thus, LA might serve an important 
role on the level of academic paths by providing a channel for students to receive relevant and timely 
feedback from institutional rules and requirements. 

The results align with the previous studies addressing that one design does not provide the necessary 
support for all students, but individual and contextual differences should be acknowledged in LAD design 
(Teasley, 2017). Using LA can improve students’ self-efficacy beliefs and academic performance ( Yilmaz, 
2022; Russell et al., 2020). However, individual differences in students’ capacities to utilize provided 
feedback productively should be further investigated. 

5.1  Limitations 

This study has some limitations that should be considered when interpreting the results. First, the 
study aimed to identify how student evaluations divide within the phases of SRL. However, the research 
design did not address if the dashboards supported the fourth phase of SRL, namely adaptation of the plan. 
This phase is an essential part of SRL process during which students adapt their goals, plans and behaviors in 
terms of their evaluation and monitoring of their learning. Thus, future studies should address how students 
evaluate such dashboards supporting all four phases of the SRL. 

In the qualitative content analysis, the response rates to open-ended questions remained rather low, 
especially in case 1. In the t-test analyses, only three categories were identified as comparable between the 
cases. Due to this, only goal setting and monitoring phases of SRL were included in the t-tests. The variation 
in responses to assessing their self-efficacy beliefs and resource management strategies was relatively small, 
and students overall rated their skills as quite high. These limitations might influence the reliability of the 
findings. Furthermore, the study has some limitations regarding the generalizability of the findings. As the 
study focused on the participants’ unique characteristics, self-efficacy beliefs, and help-seeking skills, and 
the student evaluations focused on the two specific LADs, the findings may be unique to the selected context 
and student population, and they may not be generalizable to other educational settings or student 
populations. 

6.  Conclusions 
There is a need for LA tools that can help students carrying out their studies successfully (Ifenthaler 

& Yau, 2020). The results offer two contextualized examples of LADs as a support for students’ self-
regulation on the level of academic paths. The findings showed that students considered visualizations as a 
support for planning and monitoring useful and relevant, but they raised multiple information needs, which 
highlighted the need for more detailed LA feedback for academic path-level contexts. This means identifying 
new indicators and addressing new sources of data to enrich the provided feedback on the academic path 
level. For example, combining course-level data with existing registry data could provide access to visualize 
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long-term SRL processes and help students to improve their SRL skills across the study periods and 
academic years. 

In open, hybrid, and online environments, a need for self-regulated learning is increased (Jansen et 
al., 2020). LADs can foster students’ SRL (Viberg et al., 2020). Theory-informed, contextualized 
understanding of student perspectives is important in creating LADs that encourage students to take 
ownership of their studies (Ochoa & Wise, 2021; Stenalt, 2021). This study provided an understanding of 
how the SRL process occurs on the academic path-level. For example, the requirements for context 
understanding support, and monitoring processes appeared different from the task-specific process of SRL. 
Supporting students’ SRL in the context of academic paths can help students to improve their academic 
performance, but it also builds a ground for the development of their competencies as future professionals. 

The use of student-facing LADs requires careful planning and consideration of the practices in which 
the LADs are used. Students with low self-efficacy beliefs reported more challenges in goal setting phase 
than the students with high self-efficacy beliefs. It is important for teachers and academic advisors to 
acknowledge the possible differences in students’ capacities to utilize provided feedback independently. 
Thus, guiding students’ reflection process of the provided feedback might help different students to benefit 
from provided visualizations. A better understanding of student experiences on online learning technologies 
helps to understand how these technologies influence students’ academic outcomes and support their agency 
(Stenalt, 2021). 

 

Keypoints 

 This study investigates student evaluations of two different LADs as a support for academic 
path-level self-regulated learning (SRL). 

 AnalyticsAI focused more on study planning support and PowerBI on study monitoring 
support. 

 High self-efficacy beliefs associated with perceived support for goal setting. Low help-
seeking skills associated with perceived support for study monitoring. 

 Student-facing LADs can be helpful for students to steer their academic paths and refine 
their thinking about their study processes. 

 More research of student experiences on academic path-level LADs would be needed. 
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