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Abstract
The aim of learning analytics (LA) is to turn educational data into insights, decisions, and actions to improve learning
and teaching. The reasoning of the provided insights, decisions, and actions is often not transparent to the end-user,
and this can lead to trust and acceptance issues when interventions, feedback, and recommendations fail. In this
paper, we shed light on achieving transparent LA by following a transparency through exploration approach. To this
end, we present the design, implementation, and evaluation details of the Indicator Editor, which aims to support
self-service LA (SSLA) by empowering end-users to take control of the indicator implementation process. We
systematically designed and implemented the Indicator Editor through an iterative human-centred design (HCD)
approach. Further, we conducted a qualitative user study (n = 15) to investigate the impact of following an SSLA
approach on users’ perceptions of and interactions with the Indicator Editor. Our study showed qualitative evidence
that supporting user interaction and providing user control in the indicator implementation process can have positive
effects on different crucial aspects of LA, namely transparency, trust, satisfaction, and acceptance.

Notes for Practice

• What is already known about this topic? Transparency of the reasoning behind the insights, decisions, and
actions in learning analytics (LA) is crucial for trust, acceptance, and adoption. There are applications of
research on system transparency from other fields, such as artificial intelligence (AI), machine learning (ML),
and recommender systems (RSs). However, the application of this research in the LA domain is still in its
early stages.

• What does this paper add? It highlights that a view of transparency that centres on student data is only one
possible way to achieve transparency. Another way to enhance transparency is to help users understand
the entire process behind LA outcomes. It applies a transparency through exploration approach to achieve
transparent LA. It proposes a self-service LA (SSLA) tool that can support students and teachers with prior
data analysis and visualization knowledge in developing transparent LA indicators and taking full control
over the indicator implementation process. A qualitative user study demonstrates that involving users in the
indicator implementation process can positively affect transparency, trust, satisfaction, and acceptance in LA.

• What are the implications for practice and policy? Following a transparency through exploration approach
is important to address the challenge of trustworthy LA. It involves stakeholders (students and teachers)
in the indicator implementation process through a human-centred LA (HCLA) approach that can increase
transparency, build trust, and promote the acceptance and adoption of LA systems. While allowing these
stakeholders to control and personalize the implementation of their indicators is beneficial, it is essential to
provide different levels of controllability to meet the demands of stakeholders with various needs, goals, and
experiences.
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1. Introduction
The learning analytics (LA) domain is maturing and often provides insights and informs decisions or actions (e.g., interventions,
feedback, recommendations) regarding learning and teaching behaviours. Before insights, decisions, and actions can impact
learning, the data analysis process and outcomes must be transparent to the end-users. This will build trust and increase
acceptance of LA systems (Hakami & Hernández Leo, 2020; Drachsler & Greller, 2016). Transparency is often linked to users’
understanding of a system’s inner logic and supports users in building an accurate mental model of how the system works (Ngo
et al., 2020; Hellmann et al., 2022). Trust is a multifaceted concept, as evidenced by differences in definitions across disciplines
such as psychology, sociology, and economics, as well as multiple ways to measure trust (Siepmann & Chatti, 2023; Kaur et al.,
2022; Miller, 2022; McKnight et al., 2002; Yang et al., 2020; Pu et al., 2011; Knijnenburg et al., 2012). Tintarev and Masthoff
(2015) conceptualize trust as “Increase users’ confidence in the system.” According to Pu and colleagues (2011), trust is part
of attitudes, i.e., the user’s overall feeling toward the system. Trust can be conceptualized either as a personal characteristic
(PC)—the general tendency to trust others—or as a situational characteristic (SC)—the trust in the system (Knijnenburg et al.,
2012).

Transparency and trust are often linked, following the intuition that you will more likely trust a system that you can
understand than one that is a black box to you (Siepmann & Chatti, 2023). Hellmann and colleagues (2022) included the
effects of transparency on trust in their development of a questionnaire to measure the perceived transparency in a recommender
system. The authors found a positive link between transparency and trust-related measures. Providing transparency could
enhance users’ trust in the system. For example, Tintarev and Masthoff (2015) pointed out that an increase in transparency
should lead to an increase in trust. Similarly, Nunes and Jannach (2017) identified transparency as one of the key factors for
users to develop trust. However, some studies found that revealing too much detail about the system’s inner logic may result
in information overload, confusion, and a low level of perceived understanding, which may in turn reduce users’ trust in the
system (Ananny & Crawford, 2018; Hosseini et al., 2018; Cramer et al., 2008).

The evolution toward a more transparent and trustworthy LA is urgent, as recent data protection and privacy regulations
like the EU General Data Protection Regulation (GDPR) and the California Consumer Privacy Act (CCPA) stipulate that
transparency is a fundamental right (Verbert et al., 2020). In recent years, transparency in LA has received more attention in
research from its relevance to ensuring fair, ethical, responsible, and trustworthy LA practices (Hakami & Hernández Leo,
2020). Although the role of system transparency is well researched in artificial intelligence (AI), machine learning (ML), and
recommender systems (RSs), the application of this research in LA is in its early stages. There is a pressing need for research
on adapting this work and extending it into the LA domain, where trust and acceptance are of primary importance (Khalil et al.,
2023).

One important aspect that may contribute to increased transparency is the degree of control users have over the system
(Shneiderman, 2022, 2020; Amershi et al., 2014; He et al., 2016; Spinner et al., 2019). Recent research on human-centred
LA (HCLA) strengthens the need for empowering stakeholders to take control of the LA process to ensure transparency
(Alfredo et al., 2024). Current research on HCLA demonstrates successful co-design processes for LA systems involving
various stakeholders. However, research on actively involved users in the LA indicator implementation process is lacking. To
address this research gap, in this paper, we aim to develop a better understanding of the potential of human control to increase
the transparency of LA. To this end, we present the Indicator Editor for self-service LA (SSLA), following a transparency
through exploration approach. We aim to empower the involved stakeholders (e.g., students, teachers, researchers) to create
transparent LA indicators and take full control over the indicator implementation process by giving them access to the data
and the analysis and visualization methods underpinning the indicators. We suggest that following an HCLA approach that
involves LA stakeholders in the indicator implementation process can increase transparency, build trust, and push forward
the acceptance of LA. Toward this challenge, we present the systematic design, implementation, and evaluation details of the
Indicator Editor to provide transparency in the indicator implementation process.

We conducted a qualitative user study (n = 15) based on moderated think-aloud sessions and semi-structured interviews
with students and teachers to investigate the impact on users’ perceptions of control, transparency, trust, and acceptance. Due
to the subjective nature of these aspects, a qualitative approach seems to be the most appropriate to investigate them. This
approach allows us to investigate the users’ unique perspectives and expectations from an SSLA indicator implementation
approach and get more in-depth insights into users’ perceptions of and interaction with the Indicator Editor. The objective of
the study was to answer the following research question:

RQ: What are the effects of an SSLA approach that empowers users to control the LA indicator implementation process on the
user’s perceptions of (1) control and personalization, (2) transparency and trust, and (3) satisfaction and acceptance?

The results of our user study show that there is qualitative evidence that having the human-in-the-loop in the indicator im-
plementation process positively affects different vital aspects in LA, namely transparency, trust, satisfaction, and acceptance.
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To summarize, this work makes the following main contributions: First, we highlight the critical importance of taking
a transparency through exploration approach to addressing the challenge of trustworthy LA. Second, we apply the human-
centered design (HCD) process to effectively design and implement the Indicator Editor. Third, we instantiate the transparency
through exploration approach by empowering the end-users to take control of the indicator implementation process using the
Indicator Editor. Fourth, we provide qualitative evidence that following this approach can positively impact users’ perception of
transparency and trust, thus potentially leading to improved satisfaction and acceptance of LA.

2. Background and Related Work

2.1 Transparent LA
Trust has recently gained much attention in the LA community (Alfredo et al., 2024; Khalil et al., 2023; Drachsler & Greller,
2016). The positive connection between trust and transparency is drawn in the LA literature. Transparency is identified as one
of the main factors for LA stakeholders to develop trust (Gedrimiene et al., 2023; Ahn et al., 2021; Li et al., 2019; Hakami &
Hernández Leo, 2020). In the LA context, transparency refers to the openness and communication of the analyzed data and the
mechanisms underlying LA insights, decisions, or actions. The transparency of the LA system is crucial to help users build a
transparent mental model of the system’s functioning as well as understand the decisions or actions taken by the system, thus
driving forward the acceptance and adoption of LA (Clow, 2012; Y.-S. Tsai, Whitelock-Wainwright, & Gašević, 2020; Hakami
& Hernández Leo, 2020; Cukurova et al., 2020). Here, it is important to differentiate between objective transparency and
user-perceived transparency (Gedikli et al., 2014; Zhao et al., 2019). In the LA domain, on the one hand, objective transparency
means that the LA system reveals all the information about the data it had at its disposal (e.g., what data is collected, how this
information was collected, by whom, for what purposes, who will have access to this data, and how data might be combined
with other datasets (and for what purposes) (Prinsloo & Slade, 2015)) (i.e., data transparency), and how it used that information
to develop indicators, including details about the analysis and visualization methods used (i.e., process transparency). On the
other hand, user-perceived transparency is based on users’ subjective opinions about the extent to which they perceive such
information to be available and feel they understand the meaning of the provided information. While different aspects of the
LA system, for example, the student data or the LA process, may be exposed to the user, transparency as a user-centric quality
can only be assessed by measuring users’ perception and understanding of those system aspects (Hellmann et al., 2022).

Several studies have highlighted the importance of transparency in the design, development, and evaluation of LA systems.
Hakami and Hernández Leo (2020) presented results of a literature review that was conducted across all the editions of the
Learning Analytics and Knowledge (LAK) conference addressing how the societal values of fairness, accountability, and
transparency (FAT) are being considered in LA research. According to the authors, 76% of the reviewed papers (37 out of 49)
identified transparency as one of the significant concerns in LA research. Related to transparency, the results of this review
provide different insights into how transparency is considered in LA systems. Transparency is currently being addressed in
LA research concerning how student (and staff) data can be handled transparently, including data collection, storage, and
usage (Y.-S. Tsai & Gasevic, 2017; Lang et al., 2018; Haythornthwaite, 2017; Drachsler & Greller, 2016; Prinsloo & Slade,
2015; Slade et al., 2019; Whitelock-Wainwright et al., 2017). Moreover, the option to opt out of student data collection can
increase transparency (Prinsloo & Slade, 2015, 2013; Slade & Prinsloo, 2013). This research considers an LA system to
become transparent if users know what data was collected, as well as how and why it was collected, and can opt out of the
data collection processes without any consequences (Scheffel et al., 2015; Y.-S. Tsai & Gasevic, 2017). The review further
shows that LA researchers have presented only a few technical solutions to enhance transparency. These include open learner
models (OLMs) (Bodily et al., 2018; Conati et al., 2018), transparent educational recommender systems (RSs) (Abdi et al.,
2020; Barria Pineda & Brusilovsky, 2019; Barria-Pineda et al., 2019), and transparent predictive modelling approaches such as
decision trees (Cukurova et al., 2020).

Although the LA community is concerned about ethics in LA and increasingly interested in providing transparent LA
practices, transparency was mainly addressed through privacy and ethical conceptual frameworks (Drachsler & Greller, 2016;
Hoel et al., 2017; Lang et al., 2018; Prinsloo & Slade, 2013; Swenson, 2014; Y.-S. Tsai & Gasevic, 2017), and issues of
transparency about tracking learners’ data have been a cornerstone in these frameworks (Hakami & Hernández Leo, 2020;
Y.-S. Tsai & Gasevic, 2017). The view of transparency that centres on student data (i.e., data transparency) is one possible
way to achieve transparency. Another way to enhance transparency is to help users understand the entire process behind
LA outcomes (i.e., process transparency). To build effective LA interventions, LA systems need to focus on more than just
students’ concerns about the use of data. They need to help students, e.g., understand how indicators are generated. The view
of process transparency is increasingly adopted in recent studies on transparent LA (Duan et al., 2024; Conijn et al., 2023;
Pozdniakov et al., 2022; Y.-S. Tsai, Perrotta, & Gašević, 2020). For example, Duan and colleagues (2024) highlighted the need
for transparent AI algorithms that align with the needs of educational stakeholders. Conijn and colleagues (2023) explored
the extent to which transparency regarding an AI grading system impacted both trust and motivation in students. In the study
conducted by Pozdniakov and colleagues (2022), teachers raised concerns regarding the lack of transparency of the provided
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LA visual interface. Particularly, teachers wondered how phrases in the LA questions might be connected with the algorithm
based on which a visualization was created. While these studies reflect concerns about the lack of transparency that centres
on the LA process, concrete solutions regarding how to provide students and teachers with insights into the design decisions
behind LA systems in order to achieve transparency are under-explored.

Users’ perception of a system’s transparency may be influenced by several factors (Hellmann et al., 2022). Providing
explanations is one important factor, and some studies have shown that providing explanations can enhance transparency
(Khosravi et al., 2022; Duan et al., 2024; Tintarev & Masthoff, 2015; Pu et al., 2011; Cramer et al., 2008). Another significant
factor that may contribute to increased transparency is related to users’ control over the system (Shneiderman, 2022, 2020;
Amershi et al., 2014; He et al., 2016; Spinner et al., 2019; Knijnenburg et al., 2012). A positive influence of interaction
possibilities as well as perceived control on the perceived transparency of the system was reported by Pu and colleagues
(2011). Based on these two factors, the AI literature distinguishes between two main approaches for achieving transparency,
namely transparency through explanation and transparency through exploration (Siepmann & Chatti, 2023). In this paper,
we focus on the exploration approach for achieving transparency that centres on the LA process. Human control can enhance
transparency in decision-making systems. Researchers recognized the potential for human control in different application
domains, including human-centred AI (Shneiderman, 2022), interactive ML (Amershi et al., 2014), interactive recommendation
(Jugovac & Jannach, 2017; He et al., 2016; C.-H. Tsai & Brusilovsky, 2017; Verbert, Parra, et al., 2013), and visual analytics
(Keim et al., 2006; Spinner et al., 2019). Recently, Shneiderman (2022) suggested a shift from dependence on retrospective
explanations (aka post hoc explanations (Du et al., 2020)) that describe the local or global process of an AI system to prospective
user interfaces (UIs) that are interactive, visual, and exploratory, with the new goal to give users a better understanding of
how the system works so that they can prevent confusion and surprise that lead to the need for explanations. According to
Shneiderman (2022), exploration works best when users’ inputs are actionable, allowing users to control and modify them.
Exploratory UIs can potentially guide users incrementally toward their goals and increase user control of AI processes. To
describe the process underlying exploratory UIs, Shneiderman (2022) further proposed an updated mantra of “Preview first,
select & initiate, then show execution” so that users can monitor the process and decide whether they want to change it along
the way. This asserts the centrality of human control over AI, thus achieving more transparent and trustworthy AI systems.

LA following a transparency through exploration approach suggests that human control is crucial for providing transparent
insights, decisions, and actions for the LA process. Human control can, however, only reach its full potential if the LA system
is understandable, easy to use, and intuitive for all stakeholders involved, including lay users. While attention to human control
is also growing within the domain of LA, as discussed in the next section, theoretically and technically sound solutions that
empower end-users to steer the LA indicator implementation process are lacking. To close this research gap, in this paper, we
aim to achieve transparent LA by following a transparency through exploration approach. Concretely, our goal is to provide an
SSLA (SSLA) tool that can support students and teachers with prior knowledge in data analysis and visualization in creating
transparent LA indicators and taking complete control over the indicator implementation process by giving them access to the
data and the analysis and visualization methods underpinning the indicators.

2.2 HCLA
Recent research strengthens the need for engaging stakeholders in the LA process to ensure transparency, leading the emerging
LA sub-field of HCLA (Buckingham Shum et al., 2019; Chatti & Muslim, 2019). HCLA is an approach that emphasizes
the human factors in LA. It seeks to include humans in designing, developing, and evaluating the LA process to effectively
serve the needs of various LA stakeholders with their multiple goals (Buckingham Shum et al., 2019; Chatti, Muslim, Guesmi,
et al., 2020). HCLA can be achieved by bringing human-computer interaction (HCI) approaches (e.g., design thinking, HCD,
participatory design, co-design, and value-sensitive design) that prioritize human needs, values, and perspectives into the field
of LA (Sarmiento & Wise, 2022; Lang & Davis, 2023; Viberg et al., 2023; Dimitriadis et al., 2021). Recently, a growing
body of research has provided mature examples of how these HCI approaches can be applied to LA to overcome the challenge
of designing LA tools that lack the voice of the end-users (Alfredo et al., 2024; Topali et al., 2025). Most of these works
mainly present case studies that target teachers (Lawrence et al., 2024; Campos et al., 2024; Wiley et al., 2024; Hutchins &
Biswas, 2024; Dollinger & Lodge, 2018; Holstein et al., 2019; Martinez-Maldonado et al., 2015; Ahn et al., 2019; Rehrey et al.,
2019; Chen & Zhu, 2019; Dimitriadis et al., 2021) or students (Hilliger et al., 2024; Prieto-Alvarez et al., 2018; Alvarez et al.,
2020; de Quincey et al., 2019; Hilliger et al., 2020; Sarmiento et al., 2020) as stakeholders. The involvement of educational
stakeholders in the design of HCLA systems is essential to meet their needs and preferences. This involvement can take
passive or active forms (Lang & Davis, 2023; Sarmiento & Wise, 2022). In their recent review of educational stakeholder
involvement in the design phases of current HCLA systems, Alfredo and colleagues (2024) found that students and teachers
were the most involved stakeholders (71% and 59% of 108 surveyed papers, respectively), with students having the highest
representation of passive involvement (52%) and teachers having the highest representation of active involvement (39%).
The study results further revealed a relatively low representation of student and teacher active involvement, at 19% and 39%,
respectively. Using the five phases of the HCD process (Hanington & Martin, 2019), the authors pointed out that most active
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stakeholder involvement has been observed in phase 2 (exploration, synthesis, and design implications: 32%) and phase 3
(concept generation and early prototype iteration: 33%). Furthermore, the authors noted that active stakeholder involvement
in phase 4 (evaluation, refinement, and production: 25%) and phase 5 (launch and monitor: 25%) was relatively low. This
indicates that active stakeholder involvement in the post-production phase of HCLA systems is still limited. These findings
suggest that there is a pressing need to increase student and teacher active involvement throughout the various phases of the
design process, from early conception and requirements analysis, to implementation and evaluation, through to deployment and
adoption (Alfredo et al., 2024; Buckingham Shum et al., 2024; Martinez-Maldonado, 2023). In particular, it is crucial to include
end-users’ voices after the LA system is finalized and deployed in real-world settings to re-align the system more effectively
with their educational goals. To address this challenge, in this paper, we aim to actively involve students and teachers in the
post-production phase of HCLA systems by giving them agency in implementing LA indicators that can meet their real-world
educational needs and preferences. This ensures HCLA system flexibility and adaptability according to changing requirements
and contexts.

Recent systematic literature reviews about HCLA highlight that most of the HCLA studies focus on standalone or embedded
LA dashboards (LADs) and the identification of relevant LA indicators for different purposes (Topali et al., 2025; Alfredo
et al., 2024). Before HCLA, students and teachers rarely had a say in how LADs are designed and what information they
receive through LADs (Jivet et al., 2021). HCLA allowed us to move away from a one-size-fits-all model, whereby the same
indicators are provided to each end-user, toward a personalized approach tailored to the goals, needs, and contexts of different
users. While current research on HCLA has demonstrated successful participatory designs of LADs that incorporate the
perspectives of both students and teachers, most LADs in the HCLA literature provide manually pre-configured indicators
resulting from co-design sessions and often lack adaptability when faced with new end-user requirements after deployment
(Alfredo et al., 2024). Additionally, in the studies surveyed in Alfredo and colleagues (2024) and Topali and colleagues (2025),
active stakeholder involvement in the systematic implementation of LA indicators is under-explored. In fact, the participation
of stakeholders was primarily limited to the LA indicator design process, e.g., contributing to ideation and prototyping and
assisting in testing. In contrast, stakeholders were not actively involved in the implementation of high-fidelity LA indicators,
which is done by developers or researchers. Furthermore, while investigating the connection between the stakeholders who
participated in the process of co-designing the HCLA systems and the end-users aiming to take advantage of the final systems,
Topali and colleagues (2025) noted that in many cases (14.90%) the involved stakeholders were different from the targeted
ones. The authors further highlighted that focusing on addressing the specific needs of the co-design participants does not
guarantee coverage of the diverse needs of the larger target audience (Topali et al., 2025). Therefore, the challenge is how to
generalize LA indicators to meet the requirements of different stakeholders, in particular, how to provide the right indicators for
new stakeholders who were not involved in the LA indicator co-design process but may have different needs and preferences.
To address this challenge, previous works identified the need to adapt the LADs to the learning context and target group.
Oliver-Quelennec and colleagues (2022) and Teasley (2017) pointed out that LADs should be adapted to the learning context
and/or be adaptable by the students. This aligns with the findings of Roberts and colleagues (2017), indicating that students
would like to customize their dashboard to include only information they perceive as benefiting them. Similarly, Bennett and
Folley (2019) concluded that LADs need to be customizable by the student to respond to their individual needs and in this way
help to support a student’s sense of empowerment and agency. As a concrete solution to meet the need for personalized LADs,
Jivet and colleagues (2021) have built a customizable LAD on which students can set goals and decide what indicators they wish
to see as part of self-regulating their learning toward achieving their goals. And, Shreiner and Guzdial (2022) proposed a data
visualization inquiry tool that requires students to control and customize visualizations through pull-down menus. However, in
many cases, what new stakeholders want to see and use on a dashboard differs from what LADs provide. Therefore, in addition
to engaging stakeholders (i.e., students and teachers) in customizing LADs, putting them in the driver’s seat and empowering
them to adapt existing indicators according to their needs or develop new indicators beyond the pool of existing ones can further
support their agency and better meet their individual goals, needs, and learning context. To this end, in this paper, we aim to
include students’ and teachers’ voices in the post-production phase by empowering them to take control of the LA indicator
implementation process. Implementing LA indicators requires a significant investment of time. Moreover, it can be expensive,
requiring sophisticated technology, resources, and technical expertise (Buckingham Shum et al., 2024). This may lead to heavy
reliance on developers and researchers with programming experience. To fill this gap, in this paper, we present the Indicator
Editor, a no-code, low-cost, interactive LA tool that enables educational stakeholders with knowledge of data analysis and
visualization to implement LA indicators with minimal effort. We argue that ensuring active stakeholder engagement in the LA
indicator implementation process can foster a sense of ownership, enhance transparency, build trust, and drive forward the
acceptance and adoption of HCLA systems.
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3. Indicator Editor
The primary goal of the Indicator Editor is to achieve transparent and human-centred LA. Following a transparency through
exploration approach, the Indicator Editor empowers LA stakeholders to steer the LA indicator development process to reveal
new insights and gather knowledge through exploratory data analysis and visualization. Designed for students and teachers
with data analytics and visualization knowledge, the Indicator Editor adopts a human-in-the-loop approach to bring these
stakeholders into the LA development process to turn educational data into value. The stakeholders can gain insights into
educational data by visually exploring data, iteratively refining hypotheses, and getting answers to their questions.

3.1 User Scenarios
We present two user scenarios for how LA stakeholders (teachers and students) can use the Indicator Editor to develop LA
indicators based on their needs and goals, as illustrated in Figure 1.

3.1.1 Teacher Scenario
Aryan, a professor at the University of Duisburg-Essen, uses a MOOC platform to manage his course, which hosts hundreds
of students. To effectively oversee his course, he relies on the personalized dashboard in CourseMapper1, which provides
various predefined indicators. These include insights into student participation in lectures, activity in discussion forums, and
assignment progress, giving him a high-level overview of the course’s general health. However, he has specific pedagogical
interests that go beyond these predefined metrics. He is keen on understanding how frequently students engage with his learning
materials and wants to identify how many students consistently access these resources. Unfortunately, none of the existing
indicators on CourseMapper fully capture this detailed information. This is where the Indicator Editor comes into play. Using
the Indicator Editor, he creates two custom indicators that better align with his instructional goals. The first indicator he
creates tracks the total access to the learning materials across all students. This allows him to gauge the overall level of student
interaction with his content. For the second indicator, he wants to get a more granular view by measuring how many individual
students are accessing the materials, helping him understand the breadth of engagement among the student body. Aryan
configures these indicators through the Indicator Editor by selecting relevant parameters and setting them to automatically
perform statistical analyses, such as counting total accesses and calculating the number of unique student views. Once these
indicators are generated, he embeds their code snippets into his personalized CourseMapper dashboard. Now, alongside the
standard indicators, he has access to his customized metrics, which give him a deeper understanding of how students interact
with the course materials.

3.1.2 Student Scenario
Qintha is a student in Aryan’s course at the Unversity of Duisburg-Essen, delivered through CourseMapper. As she navigates
the course, she wants to understand better which parts of the course materials are most popular among her peers and receive
personalized recommendations on what concepts to focus on next. While using CourseMapper, she encounters predefined
indicators, such as her overall progress in the course and her grades on assignments. However, these metrics do not fully satisfy
her curiosity about how other students interact with the course or which concepts she should prioritize. To address this, she
turns to the Indicator Editor to create two personalized indicators that give her the insights she needs. The first indicator she
creates identifies the most-watched parts of the course videos. She is interested in knowing which sections of the video lectures
attract the most attention from her classmates. This helps her identify which topics or explanations are perceived as important
or challenging by others, giving her a sense of what might require extra attention. Using the Indicator Editor, she configures a
custom metric that analyzes student activity within the videos and pinpoints the specific timestamps or sections with the highest
view counts or replay rates. With this indicator embedded in her dashboard, she can easily see which parts of the videos are the
most popular among her peers, helping her align her studies with the broader class focus. Qintha creates another indicator to
help her understand which concepts she needs to learn next. As the course material becomes increasingly complex, she wants
personalized recommendations on what concepts to focus on to stay on track. Using the Indicator Editor, she creates another
indicator that evaluates her quiz, assignment, and video engagement performance. Based on this data, the indicator highlights
key concepts she should review or study further. It pulls information from the course concept map and her activity to suggest
the most relevant concepts to learn next. By embedding these custom indicators into her personalized CourseMapper dashboard,
she can track which parts of the video lectures are popular among her peers and receive actionable recommendations on what to
focus on next.

3.2 Design Goals
We investigated the LA literature to extract requirements and determine design goals (DGs) for the Indicator Editor. We
analyzed the existing works, considering the steps needed to create an LA indicator. LA is an iterative and cyclical process,
generally carried out in different steps. These steps include, for example, data-gathering and preprocessing, analysis, graphical

1https://coursemapper.de
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Figure 1. User scenario—Teachers/students use Indicator Editor to create indicators for their CourseMapper dashboard.

visualization, interpretation, and reflection (Dyckhoff et al., 2012); data collection and pre-processing, analytics, and actions;
post-processing (Chatti et al., 2012); learning activities, data collection, data storage and processing, analysis, visualization,
and action (Chatti & Muslim, 2019; Chatti, Muslim, Guliani, & Guesmi, 2020); data gathering, information processing, and
knowledge application (Elias, 2011); awareness, (self-)reflection, and sensemaking (Verbert, Duval, et al., 2013); and learners,
data, metrics, and interventions (Clow, 2012). The cyclical nature of the LA process suggests that the development of LA
indicators, which is at the core of the LA process, is a user-centred, iterative, and interactive process that aims to help users
generate hypotheses and questions, interact with visualizations, explore insights, and take actions based on gained knowledge.
Based on this, we determine the first DG for the Indicator Editor:

• (DG1) Interactive and exploratory UI: Users should be able to develop indicators that meet their needs and goals.
The process should be iterative and exploratory, allowing users to continue making changes until they find satisfactory
answers to their questions. This process should simplify each step while allowing users to go back and change their
previous decisions by modifying different analysis parameters or directly interacting with the visualization.

From a technical perspective, the steps of the LA process further indicate that data, analysis, and visualization are the
building blocks of the LA development process. LA indicators can be described as “specific calculators with corresponding
visualizations, tied to a specific question” (Dyckhoff et al., 2012, p. 60). The Goal-Question-Indicator (GQI) approach proposed
in Muslim and colleagues (2017) suggests a progressive step-by-step process, which can guide users incrementally toward their
goals by formulating questions and defining indicators to answer them. The GQI approach includes three main steps. The first
step is for users to define a specific goal for LA. The second step is to formulate a particular LA question based on the goal
defined in the previous step. Lastly, users can select existing or defined indicators to answer the LA question specified in the
previous step. Users must follow four steps when defining new indicators: explore the datasets, apply filters, and choose the
analysis and visualization methods. The users can also select the appropriate parameters for the analysis and visualization.
Using these four steps, we determine the following DGs for the implementation of LA indicators using the Indicator Editor:

• (DG2) Datasets: Users should be able to explore learning activity data to define the required dataset for the indicator.
This includes, for instance, selecting data sources, identifying which platforms’ data to include, and choosing the types of
activities to focus on.

• (DG3) Data filters: Users should be able to apply additional filters to refine the dataset, select a specific time, and define
which users to include, as well as other relevant filtering criteria.
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• (DG4) Analysis: Users should be able to choose the analysis method to apply to the filtered dataset. This could involve
selecting the appropriate analytical technique and adjusting its parameters.

• (DG5) Visualization: Users should be able to define how the analyzed results will be visualized. This might involve
choosing the visualization library, selecting the chart type, and specifying the data to be displayed in the visualization.

3.3 Iterative Design
The Indicator Editor allows users to create personalized basic indicators that use simple statistics to create visualizations. More
complex indicators, e.g., based on ML algorithms, classification, or prediction, are beyond the scope of this paper. The Indicator
Editor was iteratively designed in three iterations by using low- and high-fidelity prototypes. We systematically followed the
HCD approach and usability design principles to create an intuitive UI (Norman, 2013).

3.3.1 First Iteration, Initial Design, Low-Fidelity Prototypes
We generated preliminary design ideas using low-fidelity prototypes, starting with paper prototypes due to their simplicity
and convenience. As shown in Figure 2, users can begin the indicator creation process by selecting the source of the data
(DG2) (Figure 2a), filtering the data based on activities (DG3) (Figure 2b) and timestamp or user (DG3) (Figure 2c), selecting
the analysis method and defining the mappings between the data and the inputs of the analytics method (DG4) (Figure 2d),
selecting the visualization technique and defining the mappings between the outputs of the analysis method and the inputs
of the visualization technique (DG5) (Figure 2e), previewing the indicator before saving it (DG5) (Figure 2f), viewing the
indicator in a dashboard, and editing the indicator, if needed (DG1) (Figure 2g).

To evaluate the low-fidelity prototypes, we conducted interview sessions with five participants (three females and two
males) from the local university, including two master’s and two bachelor’s students and one teaching assistant, aged between
22 and 30. They were studying in the engineering and business intelligence programs. All participants were familiar with data
analytics and visualization tools. Before the interviews, we prepared a list of core activities for participants to perform using the
Indicator Editor, such as selecting a dataset, applying filters, choosing analytics methods, and selecting a visualization. Overall,
participants found the Indicator Editor’s UI elements clear and the interactions intuitive. However, three participants noted that
the abundance of options presented in the UI from the beginning was overwhelming, leading to confusion about where to start.
Specifically, they preferred a step-by-step guide that would reveal options progressively as they advanced through the steps.
Moreover, they wanted to see the number of steps required to create the indicator. Most participants (n = 4) further commented
that the selections in the steps of the dataset (platforms, activity types, actions) and in filters (activities) using checkboxes were
not intuitive. Moreover, they found the selections in the mappings using numbers confusing. We used this feedback in the
subsequent design iteration to enhance the low-fidelity prototypes.

3.3.2 Second Iteration, High-Fidelity Prototypes
In this iteration, we created high-fidelity prototypes using Figma. One of the key issues raised by users in the previous iteration
was their desire to see a clear progression of the steps required to create an indicator. As shown in Figure 3 and Figure 4, the
updated prototype of the Indicator Editor incorporated a form-like structure that provides users with an overview of these
steps. This prototype allows for greater interactivity, such as clicking to reveal the next set of options after each step (DG1).
Additionally, the selections were improved by adding new sections in the UI, such as direct selection and highlighting dataset
options (i.e., platforms, activity types, actions) (DG2) (Figure 3a). Furthermore, “Applied Activities Filters” and “Applied Time
Filters” were added in filters, which show the selected filtered items, as well as “APPLY” buttons to perform these selections
(DG3) (Figure 3b). Furthermore, the selections for mappings between the data and the input for the analysis method as well as
between the output of the analysis method and the visualization inputs have been enhanced by displaying two lists side by side.
Users can select a mapping and then click the “ADD” button. The chosen mapping will be shown below the lists, and users can
also deselect it (DG4, DG5) (Figures 4a and 4b).

We gathered feedback on the high-fidelity prototypes from five new participants from the local university: one PhD student,
three master’s students, and one bachelor’s student, aged between 20 and 32, studying for computer science and engineering
degrees. All participants were familiar with data analytics and visualization tools. We asked them to complete a task that
involved creating an indicator to monitor students’ monthly learning resource access. Throughout the task, we encouraged
them to think aloud. Overall, the participants responded positively to the prototypes and provided constructive criticism and
suggestions for improvements. Specifically, they recommended making the indicator chart more prominent, such as spanning
the entire width or displaying it in full-screen. Additionally, three participants expressed confusion about mapping the data
columns to the method’s inputs and mapping the method outputs to the visualization inputs. They suggested tooltips to help
them choose suitable options. Moreover, all participants expressed dissatisfaction with the form-like structure of the Indicator
Editor. While the interface displayed the upcoming steps, further options were unresponsive due to the incompletion of previous
steps, which led to frustration and caused users to click around aimlessly. Although they appreciated knowing the number of
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(a) Select dataset. (b) Select filters: Attribute. (c) Select filters: Time and User.

(d) Select analysis method. (e) Select visualization. (f) Preview indicator.

(g) Indicators dashboard.

Figure 2. Paper prototypes of the Indicator Editor.

steps required to complete the process, they preferred a more guided approach where options for future steps would only appear
once the current step had been completed.
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(b) Select attribute, time, and user filters.

Figure 3. High-fidelity prototypes of the Indicator Editor: dataset and filters.

3.4 Final Prototypes and Implementation
After incorporating feedback from previous iterations, we improved the high-fidelity prototypes and implemented the Indicator
Editor using React and Material Design. The final implementation details of the high-fidelity prototypes are described using
the example from the user scenario, where a teacher wants to find out the most frequently accessed learning materials in their
course provided in the CourseMapper. As shown in Figure 6b, the teacher can create a new indicator by clicking the “CREATE
INDICATOR” button from the dashboard to direct them to the Indicator Editor page. One of the critical issues from the previous
iteration was the participants’ dissatisfaction with the form-like structure of the Indicator Editor UI. Therefore, as shown in
Figure 5 and Figure 6, we introduced a shopping cart checkout–like progression feature with accordion components, allowing a
teacher to interact with options step by step while displaying the steps required to create an indicator (DG1). Subsequent steps
remain disabled until the previous ones are completed. Moreover, the teacher can move back and forth between completed
steps, if needed (DG1). The details of the four steps involved in creating an indicator are discussed in the following sections.

3.4.1 Datasets

The initial step is to select a suitable data source (DG2). The teacher can choose from a list of platforms (e.g., Moodle platform
(LMS), CourseMapper (MOOC)), activity types (e.g., Course, Material, Annotation, Reply, PDF), and actions performed
on activities (e.g., accessed, viewed, edited, replied, enrolled, played). These multi-select dropdown menus appear one after
another, as each option depends on the previous selections. As illustrated in Figure 5a, the teacher selects “CourseMapper” as
the data source, then “Materials” as the chosen activity type, and “accessed” as the action performed.

3.4.2 Filters

The teacher refines the selected dataset by applying various filters in the next step (DG3). These filters were divided into three
categories that are separated by tab component, namely: “Activities” (to specify the relevant activity data from the dataset)
(Figure 5b), “Timeframe” (to set the start and end dates) (Figure 5c), and “Users” (to choose either all available user data or
specific user data) (Figure 5d). Clicking these tabs will switch the UI and display the options for each category. In this case, the
teacher selects the relevant materials from their course, sets a timeframe of approximately three months, and includes data from
all enrolled users in the course.
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(c) Indicators dashboard.

Figure 4. High-fidelity prototypes of the Indicator Editor: analysis, visualization, and dashboard.

3.4.3 Analysis

In this step, the teacher chooses an analysis method and defines the mappings between the filtered dataset and the inputs
required by the selected analysis method (DG4). Examples of analysis methods included “Count items based on a specified
column,” “Calculate the average of items,” “Calculate the median of items,” and “Calculate the average and median of items
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(a) Select dataset. (b) Select activities filters. (c) Select time filter.

(d) Select user filter.

(e) Select analysis method. (f) Select visualization.

Figure 5. Final prototypes of the Indicator Editor.

over time.” The list of available analysis methods is displayed using a dropdown menu. After selecting an analysis method, the
inputs of the analysis method and additional parameters will become available. The additional parameters are often pre-set with
default values. However, the inputs for the analysis methods must be set manually. Some inputs can be optional and marked as
“Not required.” In our example, the teacher applies the analysis method “Count N most occurring or least occurring items,” as
shown in Figure 5e. This method requires “Items” as input, while “User” can be optionally incorporated when available. The
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(a) Preview indicator. (b) Indicator dashboard.

Figure 6. Final prototypes of the Indicator Editor: Preview and Dashboard.

teacher selects “Activities” as the “Items” to count and decides to keep the default values for additional parameters, such as
“Counting direction” to “Most occurring,” “Counting type” to “All items,” and the “Number of items to return (N)” to 10.

3.4.4 Visualization
In this step, the teacher chooses a visualization method and selects a visualization type (DG5). The visualization method shows
a list of visualization libraries (D3/C3.js, Apexcharts.js, Google Charts, etc.), and the visualization types show a list of various
chart types supported by the visualization method (bar chart, pie chart, etc.). The teacher chooses a bar chart as depicted in
Figure 5f. Upon selecting a chart type, inputs for the visualization become available, which need to be set manually. In our
example, the teacher chooses “Item Names” as the x-axis input of the visualization and “Item Count” as the y-axis input. Once
selected, the teacher clicks the “NEXT” button to preview the visualization. Next, the teacher can finalize the indicator by
assigning a name to the indicator, such as “Total access of learning materials,” as shown in Figure 6a. The last step is for the
teacher to save the indicator and return to the dashboard.

3.4.5 Interactive Indicator Code
As shown in Figure 6b, the teacher can modify the selections made during the creation of the indicator by clicking the “Edit”
button (DG1). This action pre-populates all the teacher’s previous selections to be available during the editing process. The
“Show Indicator” button lets the teacher preview the indicator without entering editing mode. Additionally, the teacher can
delete the created indicator by clicking the “Delete” button. The most important button is the “Embed code” button, which
copies the Interactive Indicator Code (IIC). This code can be embedded in any website that supports iFrame code embedding.
As shown in Figure 7a marked with a red letter A, the teacher can click the “Add Indicator” button in the CourseMapper to open
a dialogue box where the IIC code can be inserted, as shown in Figure 7b. After clicking the “Confirm” button, the teacher can
preview the IIC in the course dashboard in the CourseMapper, as illustrated in Figure 7c.

4. Evaluation
After systematically designing the Indicator Editor and implementing it in the Open Learning Analytics Platform (OpenLAP)2,
we conducted an online qualitative user study to explore users’ perceptions, expectations, and attitudes toward an indicator

2https://openlap.de
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A

(a) Click “Add indicator” button. (b) Insert the IIC code.

(c) Preview the IIC.

Figure 7. IIC in CourseMapper.

generation process in terms of control and personalization, transparency and trust, and satisfaction and acceptance. Since users’
perspectives on SSLA are inherently subjective and individual, a quantitative approach would be insufficient for this goal, as
this approach aims at analyzing empirical data for predetermined hypotheses. Thus, we deem a qualitative approach more
appropriate to explore individual expectations than an SSLA approach. We do not aim to generalize our conclusions but to
deeply understand the potential of human control to increase LA’s transparency and inform the future design of SSLA systems.

4.1 Participants
We conducted a user study with n = 15 participants (13 students and two teachers). The target group of our study was students
and teachers with at least basic knowledge of data analytics and visualization. About 94% and 87% of the participants mentioned
that they were aware of the concepts of data analytics and LA, respectively, and all were familiar with visualizations. We
recruited them via email, word-of-mouth, and social media to ensure a diverse sample across different nationalities, educational
levels, and study backgrounds. Nine males and six females aged between 18 and 44 completed the study. Most of the students
(n = 11) were international students from nine different countries residing in Germany, and the rest of the participants were
locals in Germany. All participants had sufficient English language skills, and the highest level of education reported by most
participants was a bachelor’s degree (60%). About 53% and 33% of the participants had study backgrounds in computer science
and business and economics, respectively.
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4.2 Study Design
We conducted a qualitative user study to gather in-depth feedback on the usage and attitudes toward the Indicator Editor. All
participants gave informed consent to participate in the study. Participants were first presented with an online survey via Google
Forms, where they answered a questionnaire about their demographics and familiarity with the concepts of data analytics, LA,
and visualization. Next, they were introduced to the goals and concepts used in the Indicator Editor, with concrete examples
provided for better understanding. Afterwards, we conducted moderated think-aloud sessions where participants were asked to
perform two tasks:

1. “Imagine you are a student who wants to track your engagement on your study platform. Design an indicator that shows
which learning material you have annotated the most. This indicator should help you understand your level of interaction
with different resources and identify which materials you engage with most frequently.”

2. “Imagine you are a teacher in a Learning Analytics course. Create an indicator that shows the total number of times
students have accessed the learning materials. This indicator will help you track how often course resources are used,
giving insight into student engagement with the content.”

Following the think-aloud method, participants were encouraged to think aloud about anything that came to mind during each
interaction. Afterwards, we conducted semi-structured interviews to gather in-depth feedback. These interviews were conducted
online, lasted approximately 30 to 45 minutes, and were recorded with the participants’ consent. During the interviews,
participants were asked the following open-ended questions:

1. What do you like the most about the current state of the Indicator Editor?

2. What do you like the least about the current state of the Indicator Editor?

3. Do you have a sense of control when you interact with the Indicator Editor? How?

4. Does the interaction/controllability of the Indicator Editor influence the transparency of the application? How?

4.1 Which parts or features of the Indicator Editor give you a sense of transparency of the Indicator Editor? Why?

5. Does the interaction/controllability of the Indicator Editor influence your trust in the application? How?

5.1 Which parts or features of the Indicator Editor give you a sense of trust in the Indicator Editor? Why?

6. Does the interaction/controllability of the Indicator Editor influence your satisfaction with the application? How?

7. Do you have any suggestions to improve the system?

After the semi-structured interviews, participants were also asked to fill out a questionnaire containing questions based on
seven constructs, namely

1. Perceived Usefulness (Davis, 1989),

2. Perceived Ease of Use (Davis, 1989; Pu et al., 2011),

3. Intention To Use (Venkatesh et al., 2003) to evaluate the user acceptance of the Indicator Editor based on the technology
acceptance model (TAM) (Davis, 1989; Venkatesh et al., 2003),

4. Control and Personalization (Pu et al., 2011),

5. Transparency (Pu et al., 2011; Hellmann et al., 2022),

6. Trust (Gefen et al., 2003; Carter & Bélanger, 2005), and

7. Satisfaction (Pu et al., 2011), as shown in Figure 8a.

For each construct, answers were given on a 5-point Likert scale, ranging from 1 (“strongly disagree”) to 5 (“strongly
agree”). Note that by using these constructs, we are not aiming at conducting a quantitative evaluation and generalizing our
conclusions, but rather at using participants’ answers to the questionnaire as a starting point to collect their opinions about the
Indicator Editor, which are then explored in depth through our qualitative study.
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4.3 Analysis and Results
We qualitatively analyzed the moderated think-aloud sessions and the semi-structured interviews. Notes and transcripts of
the interview recordings were made for the analysis. We followed the thematic analysis instruction proposed by Braun and
Clarke (2006). The analysis involved the two authors of this paper. Firstly, we familiarized ourselves with the depth and breadth
of the qualitative data. Next, we collected all the answers from the interview transcripts in a spreadsheet and coded them
systematically to identify common patterns. The coding scheme was developed based on our research question, employing
predetermined themes established prior to data analysis, namely Control and Personalization, Transparency and Trust, and
Satisfaction and Acceptance. The decision on whether to include/exclude dubious cases was solved through a joint discussion
between the two authors. The analysis was rather deductive as we aimed to find additional explanations to address our research
question. In contrast to inductive (i.e., bottom-up) thematic analysis, which is the data-driven process of coding the data without
trying to fit it into a pre-existing coding frame, deductive (i.e., top-down) thematic analysis is an analyst-driven process of
coding for a specific research question. This form of thematic analysis tends to provide a detailed description of the data overall
and a more detailed analysis of some aspects of the data (Braun & Clarke, 2006). Following a deductive thematic analysis
approach, we present the results of the evaluation organized by the three themes, as shown in Figure 8.

Construct Items

Control & 
Personalization

cp1 - I feel in control of indicator customization provided by the Indicator 
Editor

cp2 - The Indicator Editor allows me to modify the indicators based on my 
needs

cp3 - I am satisfied with the level of interactivity to support indicator 
customization provided by the Indicator Editor

Transparency

tra1 - I understood how the indicators are created

tra2 - It was clear to me what kind of data the Indicator Editor uses to 
generate indicators

tra3 - I know what actions to perform in the Indicator Editor so that it 
generates indicators based on my needs

Trust

tru1 - The Indicator Editor can be trusted to analyze learners' data faithfully

tru2 - I think I can trust a learning analytics system that uses the indicators 
created with the Indicator Editor

tru3 - In my opinion, the Indicator Editor is trustworthy

Acceptance: 
Perceived 

Usefulness

pu1 - Using the Indicator Editor would enable me to generate the indicators 
more quickly

pu2 - Using the Indicator Editor would enable me to generate the required 
indicators to support my learning/teaching activities

pu3 - I would find the Indicator Editor a useful tool to create indicators

pu4 - The Indicator Editor provided me with the interaction possibilities that I 
was expecting from it

pu5 - Using the Indicator Editor would make it easier to create new 
indicators

Acceptance: 
Perceived Ease 

of Use

peou1 - Learning to interact with the Indicator Editor would be easy for me

peou2 - I would find it easy to get the Indicator Editor to do what I want it to 
do

peou3 - I believe interacting with the Indicator Editor would be a clear and 
understandable process

peou4 - I would find the Indicator Editor to be flexible to interact with

peou5 - I became familiar with the Indicator Editor very quickly

peou6 - I would find the Indicator Editor easy to use

Acceptance: 
Intention To 

Use

itu1 - I believe it is worthwhile to use the Indicator Editor to create indicators

itu2 - Interacting with the Indicator Editor to create indicators is something I 
would do

itu3 - I intend to use the Indicator Editor to create indicators in the future

Satisfaction sa1 - Overall, I am satisfied with the Indicator Editor

(a) Constructs and items.
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(c) Transparency and Trust.
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(d) Satisfaction and Acceptance.
Figure 8. Constructs and evaluation results.

4.3.1 Control and Personalization
User control is defined as the degree to which users feel in control in their interaction with the system (Pu et al., 2011).
Personalization refers to the capability to customize a system according to the user’s needs and preferences. The participants
indicated a positive sense of control when interacting with the Indicator Editor, as shown in Figure 8b. Specifically, the Indicator
Editor enabled them to personalize indicators to their needs. For example, one participant (P10 (teacher)) commented, “I
was able to change it [the indicator], edit to customize it. There was a lot of customization, so I felt fully in control of the
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system.” Similarly, another participant (P3) stated, “I felt like I was in control of the application. I was directing [the Indicator
Editor] on what kind of indicator I needed, whether it was a pie chart or a bar chart, and what I wanted on the x-axis or y-axis.”
Participants also appreciated the system’s clear flow, noting that they could easily navigate between steps and found the hints
and feedback helpful for correcting mistakes. They liked that the tool allowed them to customize existing indicators or create
new ones based on their needs, and they valued the different selection options provided by the Indicator Editor. However, some
participants mentioned that certain selection options were difficult to understand: “I knew my end goal, but the labels were
extremely confusing, particularly in selecting the analysis method. This made me feel like I wasn’t fully in control” (P12).
Another participant (P5) expressed a similar concern: “I think the labels and tips are enough to guide me [in creating indicators],
but in some places, I felt stuck. The analysis method was confusing, and I couldn’t grasp the idea or the parameters needed
to complete my task.” Additionally, a few students (n = 3) found the Indicator Editor overwhelming: P13: “The application
takes some time to get used to because there are many editing options.” Another participant (P11) added, “Choosing from
the selection options was quite difficult.” Lastly, a participant (P9) noted, “There are too many controls required to create an
indicator.”

4.3.2 Transparency and Trust
The term “transparency” is defined as the degree to which a system allows users to understand its inner logic—in our context,
how the indicators are created (Pu et al., 2011). Participants agreed that the Indicator Editor provided valuable insights into the
design decisions behind the creation of indicators, thereby enhancing the system’s transparency. For instance, P14 noted, “I
think interacting with the charts and getting insights into them gave me a feeling that the system is trying to be transparent.”
Most participants (n = 11), as depicted in Figure 8c, felt that the ability to customize and select various options in the Indicator
Editor, such as choosing the data source and defining actions for creating indicators, was sufficient to ensure system transparency.
Participants expressed a positive view regarding the influence of interaction and control on perceived transparency. As one
participant (P10 (teacher)) explained, “I can see what kind of data I am selecting and what kind of visualization I am applying.
I know what I have in front of me is what I created myself.” Similarly, another participant (P12) commented, “Especially in my
interaction with the visualization, I could see how it was made.” P11 stated, “I expected how the visualization should look
because I chose everything.” However, a few participants mentioned being confused about selecting the appropriate analysis
method and its inputs to generate the indicator, as the labels were sometimes perceived as too technical or unclear: P12: “If I
had understood what inputs I was selecting, the system would have felt completely transparent.” One participant suggested that
the application could increase transparency by allowing more interaction with the visualizations, such as through zoom or filter
options. Additionally, some participants requested more details about the data used to generate the indicators, specifically how
the data was collected, to make the indicator creation process more transparent.

Trust indicates whether the user finds the whole system trustworthy (Pu et al., 2011; Gefen et al., 2003). The results were
also mostly positive in terms of users’ perception of trust, as shown in Figure 8c. The feedback provided by the Indicator
Editor and its stability positively influenced participants’ trust in the system. P3 noted, “The application didn’t hang or freeze,
which was good because it retained all the inputs I had entered. It gave me appropriate feedback when needed.” Furthermore,
participants highlighted that their sense of control contributed to building trust in the system. As P4 mentioned, “I started to
trust the application because it gave me the flexibility to move between steps and allowed me to keep everything under control.”
Participants also expressed confidence in the accuracy of their indicators since they were based entirely on their selected inputs:
P11: “I think I can trust it because I chose all these inputs and analysis methods. I know the output is correct, with no external
influence.” Although participants indicated that they used trustworthy data sources, such as Moodle, some expressed concerns
about the lack of transparency regarding data collection from such sources. P12 stated, “I can configure everything correctly and
see the results, and the application performs as expected. However, trust is ultimately based on the dataset and the credibility
of the sources. The configuration of the indicator or its purpose is secondary.” Additionally, a few participants raised privacy
concerns that affected their trust in the system. P14 noted, “I’m unsure about the platform because indicators are shareable with
others. I can’t verify whether the platform shares user data with other applications, which could lead to privacy issues.”

4.3.3 Satisfaction and Acceptance
Evaluating overall satisfaction determines users’ thoughts and feelings using the Indicator Editor (Pu et al., 2011). As shown in
Figure 8d, participants were generally satisfied with the indicators because they could select data, charts, and their options
effectively. For instance, P12 said, “It does what it’s expected to do because it helps me complete the task or achieve what I
want.” Additionally, participants noted that their satisfaction was significantly influenced by the interaction and user control
mechanisms provided by the system. Specifically, they appreciated the flexible selections and controls, the ability to customize
and reuse indicators, and the overall system’s flow for generating indicators according to their preferences. For example, P2
stated, “This application provides the interaction and customization I need, making me feel in control of everything.”

To evaluate the user acceptance of the Indicator Editor, we used the TAM. The two most influential factors that describe
users’ intention to use a system are perceived usefulness (PU) and perceived ease of use (PEOU) (Davis, 1989). PU is
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defined as the degree to which people believe using a particular system will enhance their job performance (Davis, 1989). As
shown in Figure 8d, all the participants agreed that they could generate indicators quickly and that they could support their
learning/teaching activities. All participants agreed that the system offered the expected interaction capabilities. They felt
comfortable with the Indicator Editor and considered it a helpful tool. For instance, P12 said, “It does what it’s expected to do
because it helps me complete the task or achieve what I want,” and P13 noted, “I like that I can edit existing indicators with
minimal effort, such as converting a bar chart to a pie chart. I believe this entire indicator generation process will be highly
beneficial for both students and teachers.” Participants recognized the benefits of the Indicator Editor for using data from various
sources, analyzing it, and embedding indicators into any web application via shareable code. They agreed that the indicator
development approach is convenient, and the step-by-step process is logical and intuitive. However, P13 noted that using a
small dataset that did not include their data might hinder understanding the application’s full potential for supporting learning
and teaching activities. To improve the indicator generation process, participants suggested adding features for searching
and recommending indicators, filtering based on selected goals or questions, finding similar questions, supporting multiple
languages, providing chatbots for assistance, and offering additional documentation and video tutorials.

The PEOU refers to the degree to which a person believes that using a particular system would be effortless (Davis, 1989).
As shown in Figure 8d, the participants generally found the Indicator Editor intuitive: P13: “I like that I can edit existing
indicators with minimal effort, such as converting a bar chart to a pie chart. I believe this entire indicator generation process
will be highly beneficial for both students and teachers.” However, they initially faced difficulty understanding the system, as
it appeared technical. They often relied on feedback and hints from the system to avoid making mistakes in their selections.
They found the system easier to use once they became familiar with how the selection process worked. For example, P6 said,
“Everything is self-explanatory. It became easier to relate things in the second trial. The first time, I needed some effort. It’s
easy for me to go through everything now. The system mostly helps me with solving issues. Everything became easier to grasp
once I understood how the options work.” P13 noted, “Although the interaction with the system is not overly complicated, it
takes some time to get used to it. I think it is designed for users with more experience in data analysis.” However, there was less
consensus on the system’s overall ease of use. Many participants found the analysis method step in the indicator development
process challenging. Specifically, they struggled with understanding the input selections and parameters and the technical
terms used in the labels, such as “group by columns” and what the analyzed dataset looks like: P8 (teacher): “I didn’t like
the generic technical naming of the analysis methods because I couldn’t understand them. The purpose of these methods was
unclear to me. Moreover, I wish to see a preview of the analyzed dataset.” The intention to use is the degree to which a person
has the behavioural intention to adopt the technology (Venkatesh et al., 2003). In general, the participants found the idea of the
Indicator Editor to be very beneficial, as shown in Figure 8d.

5. Discussion
The primary research question we address in this work is RQ: What are the effects of an SSLA approach that empowers users to
control the LA indicator implementation process on the user’s perceptions of (1) control and personalization, (2) transparency
and trust, and (3) satisfaction and acceptance?

We aimed to provide an interactive Indicator Editor to help users control and personalize the indicator implementation
process based on their needs and preferences. Most participants could control and personalize their indicators by interacting
with the Indicator Editor. However, although all participants in our study had experience with data analysis and visualization,
some of them found the controls in the Indicator Editor overwhelming. This indicates that while allowing users to control and
personalize the implementation of their indicators is beneficial in any LA system, it is essential to provide different levels of
controllability to meet the needs of stakeholders with diverse experiences. This confirms the findings in other domains, such as
interactive recommendations, showing that providing additional controls in interactive systems also increases cognitive load,
that different users have different needs for control (Jin et al., 2018; Andjelkovic et al., 2016), and that the user preference
for interaction methods depends on several personal characteristics such as domain knowledge (Knijnenburg et al., 2011).
Thus, recognizing that the effectiveness of interactive LA interfaces is likely to be affected by individual differences, it is
essential to go beyond a one-size-fits-all approach with the same controls for all users and develop interactive LA interfaces
that offer user controls that are adapted to the needs of different LA stakeholders to ensure acceptable cognitive load. Related
to the Indicator Editor, it is necessary to provide different versions that offer varying levels of controls. In addition to the
current version of the Indicator Editor, which is more suitable for advanced users with LA domain knowledge and experience in
data analysis and visualization, there is also a need to offer a simpler version with fewer controls to support non-expert LA
stakeholders in designing custom LA indicators. A promising approach is to use card-based approaches in the early stages of
the design process to co-design low-fidelity LA indicator prototypes and then proceed to a more detailed design of high-fidelity
LA indicators using the Indicator Editor. For example, Alvarez and colleagues (2020) proposed a Learning Analytics Design
deck of cards (LA-DECK) to support stakeholders in co-designing LA systems and provide a common basis for understanding
and communication in an LA team. More recently, Joarder and Chatti (2025) proposed the Indicator Specification Cards (ISC)
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Creator as an HCLA tool that allows the low-cost design of low-fidelity LA indicator prototypes systematically. Further research
is required to (1) investigate the level of control needed for different stakeholders depending on their context, needs, goals,
experience, and motivation, and (2) examine the benefits of providing an Indicator Editor with different levels of controllability
(i.e., basic and advanced modes) on the interaction with and perception of the Indicator Editor in terms of transparency, trust,
user satisfaction, and acceptance.

Most participants in our study had a favourable opinion of the transparency of the Indicator Editor and liked that the system
helped them to gain insights into the indicator implementation process. The majority of participants agreed that the possibility
to control the Indicator Editor and steer the indicator implementation process positively impacted their perceived system
transparency. This indicates that human control of the indicator implementation process can contribute to increased transparency
of LA systems. This is consistent with findings by Alfredo and colleagues (2024), who noted that most of the surveyed
transparency strategies in HCLA systems are built around human control (e.g., Shute et al., 2021; Ahn et al., 2021; Dollinger
et al., 2019). This is also in line with studies from other application domains, including human-centred AI (Shneiderman,
2022, 2020), interactive ML (Amershi et al., 2014; Dudley & Kristensson, 2018; Jiang et al., 2019), recommender systems
(RSs) (C.-H. Tsai & Brusilovsky, 2021; Tintarev & Masthoff, 2015; Pu et al., 2011), and visual analytics (Spinner et al.,
2019), which also showed that human control and transparency are interdependent. However, in our study, some participants
(students and teachers) had difficulty understanding the steps required to develop indicators and found the overall process
rather technical and unclear. These users perceived the Indicator Editor as less transparent, indicating a potential relationship
between perceived transparency on the one hand and users’ background knowledge and experience on the other hand. Our
results also indicated that some users felt that the amount of information provided in the Indicator Editor, such as collected
student activity data, guidance on selecting data, analysis methods, and visualizations, was sufficient for making the system
be perceived as transparent. This indicates that user-perceived transparency can be high, even though the system’s objective
transparency is partial, as the Indicator Editor does not release all information about the data it had at its disposal (e.g., how
student activity data was collected, by whom, and who else has access to this data). On the other hand, some students suggested
that including additional details, such as information on the data collection, would enhance their perceived transparency of the
system. This feedback indicates that perceptions of transparency in an LA system can vary depending on users’ perspectives,
highlighting the need for tailored information to meet diverse user transparency needs. Overall, our study highlights that,
for assessing transparency in LA systems, it is necessary to view transparency as a multi-dimensional concept that includes
both data transparency (What data does the system use? How is the data collected?) and process transparency (How is the
indicator generated?). Therefore, future research efforts should compare the effect of the scope of transparency, between
a process-centric transparent LA system that enables users to have control over the indicator implementation process (i.e.,
process transparency) (Pozdniakov et al., 2022; Duan et al., 2024; Conijn et al., 2023; Khosravi et al., 2022) and a data-centric
transparent LA system that provides transparency regarding the data it had at its disposal (i.e., data transparency) (Ahn et al.,
2021; Drachsler & Greller, 2016; Y.-S. Tsai & Gasevic, 2017). Moreover, it is important to view transparency as a user-centric
quality and consequently focus on the assessment of subjective perceived transparency, rather than on measuring the system’s
objective transparency (Hellmann et al., 2022).

Most participants found the Indicator Editor trustworthy. Some participants mentioned that the stability, reliability, and
feedback provided by the Indicator Editor positively impact their trust in the system. This suggests that usability aspects might
influence trust in LA. Moreover, the majority of participants agreed that their feeling of control over the indicator implementation
process gave them a sense of trust in the system. This indicates that human control can improve the trustworthiness of the LA
implementation process, which aligns with discussions on the trustworthiness of LA, stating that incorporating human control is
essential to make LA more trustworthy (Usmani et al., 2023; Hakami & Hernández Leo, 2020; Slade et al., 2019; Shibani et al.,
2019; Drachsler & Greller, 2016) and that the lack of involvement of students and teachers in the design and development of
LA systems can potentially lead to a lack of trust in the system (Alzahrani et al., 2023; Sarmiento & Wise, 2022; Shibani et al.,
2022; Dollinger et al., 2019). While our study mainly showed a positive relationship between human control and trust, Alfredo
and colleagues (2024) reported mixed findings regarding stakeholders’ perceived trust when evaluating trust of HCLA systems.
In particular, the authors pointed out that giving end-users a mechanism to control an HCLA system does not necessarily foster
trust. For example, Ooge and colleagues (2023) argued that plainly giving learners a mechanism to control a recommender
system does not necessarily increase their trust in the system. Offering human control of the HCLA process can influence trust,
but it also introduces the risk of overwhelming users and increasing cognitive load. Thus, it is essential to vary the level of
human control in an HCLA system depending on who the end-user is. These results provide important insights into further
investigating the impact of personal characteristics (e.g., domain knowledge, technical expertise, cognitive capabilities) on
stakeholders’ perception of trust in HCLA systems. Other HCLA studies further highlighted that, in addition to human control,
trust can also depend on the system’s ability to provide accurate and valuable information. For example, Ma and colleagues
(2022) noted that teachers were inclined to trust the system when the displayed data matched their expectations. In their study
on the importance of trustworthiness and transparency in a tool that provides guidance and recommendations for career paths,
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Gedrimiene and colleagues (2023) showed that accuracy had a significant impact on the users’ perceived trust in the tool.
Providing explanations is another possible factor that could foster stakeholders’ trust in the system. For example, Khosravi and
colleagues (2022) reported that educating students about how their knowledge status is computed by AI and opening up the
black-box AI models could ultimately increase their trust in the system. Similarly, Wilson and colleagues (2021) noted that
balancing the presented information’s accuracy with explainable information could foster learners’ trust in the system. Overall,
the different perspectives on trust in the HCLA literature confirm that trust is a multifaceted concept, as also highlighted in
previous studies on explainable AI (XAI) and recommender systems (RSs) (e.g., Kaur et al., 2022; Miller, 2022; Siepmann &
Chatti, 2023). Furthermore, participants in our study raised concerns related to privacy and its impact on trust. This confirms
that, besides human control, awareness of how the data is collected and privacy are crucial factors in users’ sense of trust in
LA systems, as stressed in different LA ethical studies and conceptual frameworks (Drachsler & Greller, 2016; Y.-S. Tsai &
Gasevic, 2017; Khalil et al., 2023; Y.-S. Tsai, Whitelock-Wainwright, & Gašević, 2020; Hoel et al., 2017; Pardo & Siemens,
2014; Prinsloo & Slade, 2015). Further investigation is required to explore and compare the effects of usability, human control,
perceived accuracy and usefulness, explanation, and privacy on users’ perceptions of trust in HCLA systems.

The broad agreement among participants that their interaction with and control of the Indicator Editor positively impacted
their satisfaction with and acceptance of the LA system shows a potential positive correlation between user control and
satisfaction/user experience. This confirms findings from studies on HCLA, indicating that learners need to be engaged in the
decision-making if such systems are to be accepted and adopted (Buckingham Shum et al., 2019; Ahn et al., 2019; Dollinger
et al., 2019; West et al., 2020). This is also in line with several studies from the recommender systems (RSs) and the human-AI
interaction (HAII) communities, which have evidenced the positive effects of user control on satisfaction/user experience.
For example, Pu and colleagues (2011) noted that user control significantly impacts the overall user experience with the
recommender system. In a similar vein, Sundar (2020) stressed that the two key features of HAII, namely user awareness and
user control, are the hallmarks of successful user experience with personalization services.

6. Limitations
Some limitations to this work need to be articulated. First, the Indicator Editor was evaluated with students and teachers who
know data analytics and visualization. While we reached a diverse user group from different countries and educational levels, a
broader population, including less technical participants, would help assess the tool’s effectiveness among users with more
diverse backgrounds and experiences. Further, we conducted a qualitative user study with 15 participants. Therefore, the
study’s results should be interpreted cautiously and cannot be generalized. A quantitative user study with a larger sample would
probably have yielded more significant and reliable results.

7. Conclusion and Future Work
This paper contributes to developing transparent and trustworthy LA. We suggest that supporting user interaction and providing
user control in the indicator development process can improve transparency and trust in LA systems. Following a transparency
through exploration approach, we presented the systematic design, implementation, and evaluation details of the Indicator
Editor, which aims to support SSLA by actively involving stakeholders with data analytics and visual analytics knowledge in
the indicator implementation process. Applying a qualitative approach, we found first evidence that handing over control to
users to steer the indicator implementation process can positively affect different aspects of LA, namely transparency, trust,
satisfaction, and acceptance. While our results cannot be generalized, we are confident they pose valuable anchor points for
SSLA systems’ current and future design. Future work will focus on (a) improving the user experience with the Indicator
Editor; (b) helping users develop complex indicators beyond simple statistics, e.g., based on ML algorithms for clustering,
classification, or prediction; and (c) adding configuration to support users with different levels of expertise, e.g., by providing
basic and advanced modes of the Indicator Editor. Moreover, we plan to validate our findings through quantitative research to
investigate the effects of a transparency through exploration approach on users’ perceptions of SSLA.
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