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Abstract 

Student-facing learning analytics (SFLA) are potential feedback tools for enabling 

students to gain insight into their own learning processes. SFLA have the potential to 

impact positively on student learning and enhance learning experiences. User 

involvement in the design of information systems has been shown to have positive 

impacts on adoption. Thus, student involvement in the design of SFLA is critical in 

fostering acceptance. However, current methods employed in designing and 

implementing SFLA focus on availability of data and technical capabilities with little 

student involvement and attention to their needs. Accordingly, the reported study takes 

a user-centered design approach to investigate the features that students consider 

important in SFLA. Results from a survey of 66 undergraduates from an Australian 

university show that students favor features supporting real-time feedback on 

performance, goal setting, and alerts on potential risks. Moreover, students are 

conscious about their privacy and autonomy and skeptical about social-comparison 

features. 

Keywords:  Student-facing learning analytics, learning analytics, features, user data, 

students, user-centered design 

 

Introduction 

Online learning environments generate a lot of data about students’ activities. Commonly generated 

data includes information about student demographics, time spent on learning activities, assessment 

results, type of activities undertaken, and resource usage among others.  Higher education institutions 

have taken advantage of this data to gain insight into students’ learning processes. Insights gained are 

then used to inform practices aimed at improving student learning experiences and learning outcomes. 

“The measurement, collection, analysis and reporting of data about learners and their contexts, for 

purposes of understanding and optimizing learning and the environments in which it occurs” is referred 

to as learning analytics (LA) (Siemens 2013, p.1381). LA offer potential benefits to both teachers and 

students. LA in the hands of teachers are used to identify at risk students, predict student learning 
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behavior, and improve overall student engagement and retention (Siemens 2013; Arnold and Pistilli 

2012; Essa and Ayad 2012). Course Signals at Purdue University is one of the most popular cited LA 

tools designed for teachers. Course Signals was designed to identify students at risk based on traffic 

light metaphors. A green signal means that a student is on track and likely to perform well. A yellow 

signal means that there is room for improvement even when a student is not on track or not performing 

well. A red signal means that a student is at risk and has to make serious changes to do well in the 

course. A student identified at risk would then be contacted with an intervention. Pistilli and Arnold 

(2010) reported that the tool prevented some students from dropping out and the overall retention rate 

was improved. 

 

Besides the benefits of LA being used by teachers, LA may bring further benefits when used directly 

by students. LA tools designed specifically for use by students are referred to as student-facing learning 

analytics (SFLA). Bodily and Verbert 2017 define SFLA as tools that automatically track students’ 

interaction data in online learning environments and report it directly to students in the form of text 

feedback, visualizations, dashboards, and/or recommendations. SFLA enable students to track progress 

towards their learning goals, compare performance, and receive personalized support (Fritz 2011; 

Reimers and Neovesky 2015; Schumacher and Ifenthaler 2018). Thus, SFLA have the potential for 

helping students to take responsibility for their own learning through awareness, self-evaluation, and 

self-reflection (Bodily and Verbert 2017; De Quincey, Turner, Williams, and Kyriacou 2016; Duval 

2011). SFLA may become metacognitive tools by supporting learners’ reflection upon their past and 

present learning experiences (Alabi and Hatala 2017; Durall and Gros 2014; Marzouk et al. 2016), 

hence fostering self-regulated and self-directed learning.  

 

Though SFLA are for use by students, current methods employed in designing and implementing SFLA 

focus on availability of data and technical capabilities with little student involvement and attention to 

their needs (Bodily and Verbert 2017). Literature indicates that the design and development process of 

SFLA lacks needs assessment (Bodily and Verbert 2017; De Quincey et al. 2016). Bodily and Verbert 

(2017) report that only 6% of the studies they reviewed conducted a needs analysis before design and 

implementation on SFLA. Needs analysis refers to the process of understanding user needs and 

expectations from a system and is the first step in user-centered design (Kinzie, Cohn, Julian and Knaus 

2002). Even a large number of traditional LA tools have not been designed around the needs of their 

users, but rather are designed around the technical capabilities and the vast amount of data available at 

a click (Schumacher and Ifenthaler 2018; Kruse and Pongsajapan 2012). Not only is there a lack of 

SFLA designs revolving around student needs, but student needs also remain poorly understood. 

Marzouk et al. (2016) noted the scarcity of empirical research on what students expect from SFLA 

despite the fact that they are major beneficiaries. SFLA design and implementation of SFLA lies in 

understanding student needs, and failure to do so may result in tools that demotivate learners and/or 

hamper the learning process (Schumacher and Ifenthaler 2018). Input from students during the design 

of SFLA is very important to avoid leaving out key features (De Quincey et al. 2016). Furthermore, 

user involvement in the design of information systems has been shown to have a positive impact on 

adoption (Abras, Maloney-Krichmar and Preece 2004). Thus, failure to understand students’ needs may 

result in usability and adoption issues and in the long run even complete failure of SFLA. This calls for 

a user-centered design approach to the design of SFLA so as to meet students’ needs, expectations, and 

preferences and to foster adoption. 

 

User-centered design (UCD) dictates that needs, wants, preferences, expectations, and limitations of the 

users of a computer technology product take a central position at every stage of the design process 

(Hackos and Redish 1998). A UCD approach aims to ensure a detailed understanding of the 

psychological, organizational, social, and ergonomic needs of end-users of a given computer technology 

(Abras et al. 2004). Pivotal to UCD is gaining an understanding of the user (goals, contexts, attributes, 

etc.) through needs analysis. Involving users early in the design phase of a system builds a sense of 

ownership, improves user satisfaction, and fosters positive user experiences (Preece et al. 2000). Design 

solutions generated through a UCD approach are rarely affected by redesign issues and are often quickly 

accepted (Abras et al. 2004). On the other hand, when a design solution fails to meet user expectations, 
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usability and adoption issues may arise and, in extreme cases, the product may be completely rejected 

(Abras et al. 2004; Preece et al. 2000). 

 

In a SFLA system, the student is the primary user and so UCD activities should revolve around the 

student, else, tools may be designed that would not add value to the learning process or that would be 

rejected by the students. Several scholars have advocated for UCD approaches to SFLA in order to 

develop systems with students and not for students (De Quincey et al. 2016; Knight et al. 2015).  A 

UCD approach to SFLA design will likely maximize student adoption and effective use. The present 

study thus took a UCD approach to understand what students consider important in SFLA, guided by 

the following research questions: 

1. What kind of user data is important in student-facing learning analytics? 

2. What are the most important features in student-facing learning analytics?  

The paper is structured as follows. First, an overview of related work on SFLA is given. Then, the 

methodology is explained, followed by a presentation of results and discussion. The paper concludes 

with a summary, limitations, and an outlook for future work.  

Student-Facing Learning Analytics 

While early LA applications were designed specifically for instructor use, a number of SFLA have 

recently been introduced, for example: Data2U (Khan and Pardo 2016), Connected Learning Analytics 

(CLA) (Kitto et al. 2015), AskMe (Saul and Wuttke 2014), and Check My Activity (Fritz 2011). SFLA 

make use of visual metaphors or visualizations in form of charts, graphs, and network diagrams among 

others to provide feedback to students about their own learning activity (Teasley, 2017). User data 

captured by SFLA may include system session data such as login duration, emotion data about a course, 

and interaction data, such as number of forum posts, assignment grades and scores, library check-in and 

out, building access, social networking data, study plans and strategies, student demographics, or course 

enrolments (Arnold and Pistilli 2012; Bodily and Verbert 2017; Ruiz et al., 2016; Scalter 2015; Verbert 

et al. 2014).  

 

Early results from current SFLA implementations and evaluations are promising. For instance, Saul and 

Wuttke (2014) evaluated the askMe tool and discovered that students who used the system obtained a 

higher average grade and a four times lower failure rate compared to those who did not use the system. 

Denley (2014) evaluated the impact of Degree Compass on student achievement and reported that 

students who used the Degree Compass obtained better grades compared to those who did not use the 

tool, especially those that were identified early as at-risk. Similarly, Muldner et al. (2015) evaluated the 

effect of a student LA dashboard that displayed a student progress page. It was found that female 

students preferred using the student progress page by choice while the male students only picked interest 

in using the student progress page when it was enforced by a notification. In the same way, Tabuenca 

et al. (2016) developed a mobile LA tool for fostering time management and evaluation results revealed 

that tracking time allocated to various learning activities improved students’ time management skills. 

Furthermore, Kim, Jo, and Park (2016) evaluated the impact of Learning Analytics Dashboard (LAD) 

on student achievement using a control and experiment group, and the results indicated that the 

treatment group had higher achievement rates on the final exam than the control group. 

 

Despite the potential benefits, SFLA have been criticized from an ethics standpoint, particularly in 

relation to the use of social-comparison features (Arnold and Sclater 2017; Willis and Pistilli 2014) and 

security/privacy issues (Kitto et al. 2017; Marzouk et al. 2016; Slade and Prinsloo 2013). Over-tracking 

learner actions may lead to loss of autonomy and distraction to the learning process. Additionally, 

ethical issues arise when data is collected from students without their consent and without giving them 

a chance to view this data or use it for their own purposes (Kitto et al. 2017; Marzouk et al. 2016; Slade 

and Prinsloo 2013). 
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Student Expectations from Student-Facing Learning Analytics 

Empirical studies on what students expect from SFLA systems are scarce, as already observed by 

Marzouk et al. (2016). Only few studies have attempted to understand student needs and preferences 

for SFLA. Schumacher and Ifenthaler (2018) investigated university students’ expectations towards LA 

system features and reported that students expect LA systems to support the planning phase of their 

learning process, self-assessments, adaptive recommendations, and customized analysis of learning 

progress. De Quincey et al. (2016) took a UCD approach and tasked a group of 86 computer science 

students to design their own LA dashboards. An analysis of the resulting LA dashboard designs revealed 

the most desired features from the students’ perspective: student progress such as class attendance, 

assessments, engagement scores, activity meters, progress trackers, and social comparison; scheduling 

such as reminders of important dates and timetabling; resource recommendations such as resource 

uploads or relevant book availability; communication features such as instant messaging, chats, and 

forums; human computer interaction (HCI) such as accessibility, device compatibility, and display 

options. Similarly, Scalter (2015) investigated what students would want from a mobile LA application 

through focus group interviews among students from various higher education institutions in the United 

Kingdom. The students proposed many important and interesting features beyond what the designers 

had in mind. For instance, monitoring engagement and learning progress, social comparison, 

assessments, career aspirations, emotional state, competences, career aspiration and career path 

planning, calendar, and reminders for assessment and exam due dates. Furthermore, Reimers and 

Neovesky (2015) conducted two surveys involving K12 and university students. They reported that 

students were interested in features that enabled them to view their performance progress online, 

automated reminders and alerts, and learning engagement. However, students were also concerned 

about their privacy as well as having social media features on the LA platform. 

Methods 

Insights from studies such as above highlight the need to involve students in the design of SFLA through 

a UCD approach. This study aimed to advance existing work by compiling a list of possible SFLA 

features from the literature and then asking students to rate the features in terms of importance. This 

approach was taken because students may not be aware of their needs, but when presented with different 

options, they may be able to choose what is more important to them.  

 

The study followed a quantitative approach and was systematically broken down into three phases. The 

first phase of the study involved reviewing literature and generating a list of possible SFLA features. 

This was followed by identifying or creating a corresponding sample image/screenshot to demonstrate 

each of the SFLA features. A sample image demonstrating the SFLA feature “Alerts on potential 

problems/risks of failing a course” is shown in Figure 1. The second phase involved validating the 

SFLA features through expert review and a pilot survey. The third phase involved data collection 

through a student survey and analysis of results. The first and second phase are discussed in the next 

section and the third phase thereafter. 
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Figure 1. Alerts on Potential Problems/Risks of Failing a Course (Source: Rio Salado College) 

  

Instrument Design and Validation 

A literature review on SFLA identified 10 kinds of user data/actions commonly tracked by SFLA and 

37 possible SFLA features. Two LA experts and two experts in online learning were identified to 

validate the kinds of user data and the SFLA features. The experts were tasked to rate the kinds of user 

data and SFLA features on a 3-point Likert scale (1= Not relevant, 2 = Relevant, 3 = Very relevant). 

Sub-subsections 

From the experts’ evaluation, all 10 kinds of user data were retained. These included: Assessment data 

such as test results and quiz scores and resource usage such as number of downloads of course content 

or lecture videos (Bodily and Verbert 2017; Santos et al. 2012); emotional state about the course, for 

example, stress, anger, happiness, anxiety (Montero and Suhonen, 2014; Ruiz et al., 2016); time spent 

learning activities such as watching lecture videos and artefacts produced such as posts on blogs 

(Arnold and Pistilli 2012; Bodily and Verbert 2017; Santos et al. 2012); access to buildings or card 

swipes to lecture rooms, library, computer laboratories or learning centers (Bodily and Verbert  2017; 

Sclater 2015); demographic information such as age and gender (Arnold and Pistilli 2012; Marzouk 

et al. 2016); gaze data such as capturing eye movements during a lecture, while doing a quiz or reading 

course materials (Njeru and Paracha 2017); social interaction data such as the number of replies to 

forum posts (Bodily and Verbert 2017; Santos et al. 2012); geo-location data such as your location 

while around campus (Sclater 2015). 

 

From the expert evaluation, 29 out of the 37 SFLA features were retained. The retained features were: 

Alerts on potential problems/risks of failing a course (Arnold and Pistilli 2012); notifications on 

upcoming events such as exam and assignments dates and show performance data such as grades 

attained (Reimers and Neovesky 2015); setting learning goals and tracking progress on learning goal 

achievement and real-time updates on learning progress (Marzouk et al. 2016); comparing 

performance grades with self or over time and prompts for seeking learning support (Sclater 2015); 

monitoring course content mastery, competences or skillfulness (Guerra et al. 2016); prompts for self 

-assessments and self-testing on learning materials, setting a study schedule for learning activities and 

a calendar (Schumacher and Ifenthaler 2018); suggesting learning partners or classmates in my 

network (Marzouk et al. 2016; Schumacher and Ifenthaler 2018); links to additional learning content 

or materials (McPherson et al. 2016); recommendations of learning resources and learning activities 

for my course (Schumacher and Ifenthaler 2018; Sclater 2015); reporting my emotional state about the 

course such as stress, anxiety, happiness (Montero and Suhonen 2014; Sclater 2015); self-customizable 

student-facing learning analytics dashboard/interface to suit my needs and a time line of my learning 

activities both completed or upcoming, news feeds about the course and learning activities 

(Schumacher and Ifenthaler 2018); monitoring my learning progress and  feedback notifications about 

my learning activity (De Quincey et al. 2016; Marzouk et al. 2016); self-customizable student-facing 

learning analytics dashboard/interface to suit my needs and rating scales that enable me to rate the 

quality of course learning materials (Schumacher and Ifenthaler 2018; Sclater 2015); link button to 

their social media accounts (Sclater 2015; Reimers and Neovesky 2015); a feature that allows 

classmates to see my grades online anonymously and comparing performance grades with classmates; 

Self-reporting feature for offline learning activities, e.g., watching a lecture video during bus waiting 

time, or writing a blog entry during work coffee break (Tabuenca et al. 2015); leader boards or top 
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performing students in my course and my consent to what data is used in a SFLA system (Sclater 2015); 

comparing my learning activity and interaction data such as number of posts, library access, resources 

accessed with classmates (Reimers and Neovesky 2015) 

Data Collection and Analysis 

An online questionnaire was developed in SurveyMonkey with three sections: (1) Demographic 

information, (2) SFLA data, and (3) SFLA features. The questionnaire items related to the kind of data 

tracked by SFLA were measured on a five-point Likert scale (1 = Not at all important, 2 = Low 

importance, 3 = Neutral, 4 =Very important, 5 = Extremely important). The possible features of SFLA 

were measured on a seven-point Likert scale (1= Not at all important, 2 = Low importance, 3 = Slightly 

important, 4 = Neutral, 5 = Moderately important, 6 = Very Important, 7 = Extremely important). The 

questionnaire was pilot tested with eight Doctoral students of Information and Communication 

Technology in order to assess the reliability of the questions. The survey was improved based on the 

results from the pilot survey.  

The target population under study were undergraduate students enrolled in the School of Information 

and Communication Technology and the Business School at an Australian public university. An 

invitation email was sent via university email containing a link to the survey, together with an 

information sheet explaining the nature of the research while emphasizing the confidentiality of their 

participation and a consent form. Participation was entirely voluntary and the students could withdraw 

at any time.  

Results 

The data was analyzed using Statistical Package for the Social Sciences (SPSS) version 24. Descriptive 

statistics such as percentages, means, and standard deviations were used to extract and present major 

findings. 

Participant Demographics 

The first section of the questionnaire collected demographic information from the participants. The 

results are presented in Table 1 below. 

Table 1. Student Demographics (N=66) 

Student 

Demographics 

Frequency % Student Demographics Frequency % 

Gender   School   

Female 43 65.15 Information & 

Communication 

Technology 

55 83.33 

Male 23 34.85 Business 11 16.67 

Age group   Year of study   

18-24 41 62.12 First 24 36.36 

25-29 14 21.21 Second 22 33.33 

30-34 6 9.1 Third 13 19.7 

35-39 3 4.54 Fourth 6 9.1 

40+ 2 3.03 Fifth 1 1.51 

Student knowledge about Student-Facing Learning Analytics 

Not knowledgeable 

at all 

25 37.9 Knowledgeable 18 27.3 

Somewhat 

knowledgeable 

14 21.2 Very knowledgeable 1 1.5 

Neutral 8 12.1    
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The results presented in Table 1 above reveal that the majority of the respondents were not 

knowledgeable at all (37.9%) while only 1% were very knowledgeable. This can be attributed to the 

fact that SFLA are still emerging LA applications. The finding implies that there is need for creating 

awareness about SFLA and how they can be used to enhance the learning process and learning 

outcomes. 

Kinds of User Data Tracked by Student-Facing Learning Analytics 

The respondents were asked to rate the kinds of user data tracked by SFLA to bring insight into what 

user actions they consider important. The results were interpreted based on the means and standard 

deviations. The findings presented in Table 2 reveal that four (4) out of the ten (10) kinds of user data 

were ranked as extremely important: assessment data (M=4.79, SD=0.70), resource usage such as 

number of downloads of course content or lecture videos (M=4.62, SD=0.85), emotional state about 

the course, for example, stress, anger, happiness, anxiety (M=4.60, SD=0.65) and time spent learning 

activities such as watching lecture videos (M=4.60, SD=0.83). A further three were ranked as 

important: artefacts produced such as posts on blogs (M=3.84 SD=0.95), access to buildings or card 

swipes to lecture rooms, library, and computer laboratories or learning centers (M=3.73, SD=1.02) 

and demographic information such as age and gender (M=3.61, SD=0.96). The remaining three were 

considered of low importance from the students’ perspective. 

Table 2. Ranking of Importance for User Data Tracked by Student-Facing Learning Analytics 

on Five-Point Likert Scale (N=66) 

User Actions/Data Mean 

(M) 
Std. Deviation 
(SD) 

Assessment data such as test results and quiz scores 4.79 0.70 

Resource usage such as number of downloads of course 

content like lecture videos 

4.62 0.85 

Time spent such as login duration, watching lecture 

videos, completing a learning task 

4.60 0.83 

Emotional state about the course such as stress, anger, 

happiness, anxiety 

4.60 0.65 

Artefacts produced such as posts on blogs, responses to 

questions, help requests, and annotations 

3.84 0.95 

Access to buildings or card swipes to lecture rooms, 

library, computer laboratories or learning centers 

3.73 1.02 

Demographic information such as age, gender 3.61 0.96 

Gaze data such as capturing eye movements during a 

lecture, while doing a quiz or reading course materials 

3.25 1.11 

Social interaction data such as the number of replies to 

forum posts 

3.18 0.75 

Geo-location data such as your location while around 

campus 

2.39 1.00 

Students were also asked whether they would be happy if the university collected such kind of data. 

The findings revealed that 39.4% were very happy, 40.9% were somewhat happy, 15.2% were 

uncertain, while 3.0% were not happy at all, and 1.5% were very unhappy. These general results reveal 

that student have positive attitudes towards SFLA and may adopt them as long as they understand the 

benefits and how their learning process can be improved. 

Features of Student-Facing Learning Analytics 

The findings in Table 3 revealed that of the 29 proposed SFLA features, four (4) features were rated 

extremely important, ten (10) features were rated very important, and nine (9) were rated important 

from students’ perspectives as follows. Alerts on potential problems/risks of failing a course (M=6.70, 

SD=0.95), notifications on upcoming events such as exam and assignments dates (M=6.63, SD=0.87), 
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show performance data such as grades attained (M= 6.55, SD=1.00) and setting learning goals and 

tracking progress on learning goal achievement (M=6.51, SD=0.96) were rated extremely important 

by the students. 

 

The findings in Table 3 also indicated that comparing performance grades with self or over time 

(M=5.73, SD=0.64), real-time updates on learning progress (M=5.83, SD=0.83), monitoring course 

content mastery, competences or skillfulness (M=5.66, SD=0.94), prompts for self -assessments and 

self-testing on learning materials (M=5.83, SD=0.92), setting a study schedule for learning activities 

(M=5.80, SD=0.55) and a calendar ( M=5.78, SD=0.78 ) are very important from a student’s 

perspective. In addition, findings in Table 3 showed that suggesting learning partners or classmates in 

my network (M=5.79, SD=1.02), links to additional learning content or materials (M=5.84, SD=0.76), 

prompts for seeking learning support (M=5.77, SD=0.63), recommendations of learning resources and 

learning activities for my course (M=5.73, SD=0.92) were rated very important by the students. 

 

Furthermore, my consent to what data is used in a SFLA system (M=5.43, SD=0.85), reporting my 

emotional state about the course such as stress, anxiety, happiness (M=5.10; SD=1.51), self-

customizable student-facing learning analytics dashboard/interface to suit my needs (M=5.16, 

SD=1.30), and a time line of my learning activities both completed or upcoming (M=5.45, SD=.090) 

are considered important from a student perspective. The finding in Table 3 further reveal that 

monitoring my learning progress (M=5.46, SD=1.09), feedback notifications about my learning 

activity, news feeds about the course and learning activities (M=5.41, SD=0.90), self-customizable 

student-facing learning analytics dashboard/interface to suit my needs (M=5.16, SD=1.30), rating 

scales that enable me to rate the quality of course learning materials (M=5.00, SD=0.32) were rated 

important by the student. A self-reporting feature for offline learning activities, e.g., watching a lecture 

video during bus waiting time (M=4.64, SD=1.07) was considered important from the student 

perspective. Leader boards or top performing students in my course (M=4.36, SD=0.76) and a link to 

provide feedback about the course (M=4.23, SD=1.40) were rated as moderately important by the 

students. 

 

However, results in Table 3 reveal that students were uncertain as to whether SFLA should have links 

to their social media accounts (M=3.57, SD=0.77). The findings further revealed that social 

comparison features such as allowing classmates to see my grades online anonymously (M= 2.31, 

SD=0.97), comparing performance grades with classmates (M=3.30, SD=1.92), and comparing my 

learning activity and interaction data such as number of posts, library access, resources accessed with 

classmates (M=3.40, SD=0.68) were not important from the students perspective.  

Table 3. Ranking of Importance for Student-Facing Learning Analytics Features on Seven-

Point Likert Scale (N=66) 

Features  

Mean 

(M) 

Std. 

Deviation 
(SD) 

Alerts on potential problems/risks of failing a course 6.70 0.95 

Notifications such as exam dates, assignments dates, upcoming events 6.63 0.87 

Show performance data such as grades attained 6.55 1.00 

Setting learning goals and tracking progress on learning goal achievement 6.51 0.76 

Links to additional learning content or materials 5.84 0.76 

Prompts for self-testing and assessments on learning materials 5.83 0.92 

Real-time updates on learning progress 5.83 0.83 

Setting a study schedule for my learning activities, e.g., a to-do list of my 

course learning activities 

5.80 0.78 

 

Suggesting for me learning partners or classmates in my network.  5.79 1.28 

A calendar  5.78 0.55 

Prompts for seeking learning support, e.g., identify the specific kinds of 

help and the people to help with their contact details such as tutor, peers 

5.77 0.63 
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Compare performance grades with self or over time  5.73 0.64 

Recommendations of learning resources and learning activities for my 

course  

5.73 0.92 

Monitoring my course content mastery, competences or skillfulness.  5.66 0.94 

Monitoring my learning progress 5.46 1.09 

Feedback notifications about my learning activity, e.g., you have covered 

10% of your study material or you have read 20% of peer discussion posts 

5.46 1.06 

 

A time line of my learning activities both completed or upcoming 5.45 .090 

My consent to what data is used in the student-facing learning analytics 

system  

5.43 0.85 

 

News feeds about the course and learning activities, e.g., when a new 

assignment has been posted 

5.41 .896 

 

Self-customizable student-facing learning analytics dashboard/interface 

to suit my needs 

5.16 1.30 

 

Reporting my emotional state about the course such as stress, anxiety, 

happiness  

5.10 1.51 

 

Rating scales that enable me to rate the quality of course learning 

materials.  

5.00 0.32 

Self-reporting feature for offline learning activities, e.g., watching a 

lecture video during bus waiting time 

4.64 1.07 

 

Leader boards or top performing students in my course 4.36 0.76 

A link to provide feedback about the course 4.23 1.40 

A link app to my social media accounts such as Facebook, Twitter 3.57 0.77 

compare my learning activity and interaction data such as number of 

posts, library access, resources accessed with classmates  

3.40 0.68 

Compare performance grades with classmates 3.30 0.92 

A feature that allows my classmates to see my grades online anonymously 2.31 097 

 

Discussion 

The major aim of this study was to identify the kinds of user data and features that students consider 

important in student-facing learning analytics. The findings are discussed below. 

User Data Tracked by Student-Facing Learning Analytics 

The findings showed that test/exercise/assessment data was extremely important. This implies that 

students are highly concerned about their performance and would appreciate receiving continuous 

feedback about their learning activities for evaluation and self-reflection. Feedback on performance 

enables students to identify gaps in their learning and coming up with strategies for improvement. 

Therefore, features related to providing performance feedback should be given maximum attention 

when designing SFLA. Resource usage data such as number of downloads of course content or lecture 

videos was another extremely important user data. This result is supported by Verbert et al. (2014) who 

reported that resource usage is among the most commonly tracked user data by LA applications. 

However, it is still debatable as to how this data should be evaluated based on the resources they access 

because merely downloading course content or accessing a course site may not mean that a student 

studied the content. Thus, caution should be taken when developing models to predict student success 

and engagement based on resource usage. Similarly, the findings revealed emotional state data about 

the course, for example, stress, anger, happiness, as extremely important. This implies that students are 

concerned about their emotional state. Unfortunately, not many LA systems reported in literature track 

emotional state data. In fact, the importance of emotional state data to students was the most surprising 

finding in this study. Montero and Suhonen (2014) pointed out that issues concerning students’ 

emotional state have so far received little attention in LA applications. They further argued that 

analyzing students’ digital data without considering emotional aspects is a narrow view of the learning 
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process and yet both positive and negative emotional aspects may impact learning. Given the 

importance attached by the students, we assert that emotional aspects should also be considered in SFLA 

design just like the cognitive aspects. The results further revealed that data about time spent on learning 

activities such as watching lecture videos was very important. These findings reinforce results by 

Verbert et al. (2014) that time spent was among the most commonly tracked data by LA applications. 

Feedback about time spent on learning activities can enable students compare time efforts devoted to 

different learning activities. Nonetheless, it is still debatable as to whether students’ engagement should 

be measured based on time spent. For example, playing a lecture video may not mean that the student 

watched the video and understood the content. 

 

Although Verbert al. (2014) revealed that social interaction data was the second-most commonly 

tracked and visualized element in LA applications, our findings showed that students did not consider 

social interaction data important. This may be attributed to the fact that students misinterpreted social 

interactions to mean the interactions they make on social networking sites and not social interactions in 

learning environments. Future studies may consider renaming such data or elaborating more to avoid 

misinterpretation. The results further showed that geo-location data such as student location while 

around campus was considered of low importance by the students. This finding may be attributed to the 

fact that students felt that tracking location data encroaches on their personal/private space. It implies 

that students are conscious about their privacy and security. In fact, LA have been scrutinized over 

ethical issues such as privacy and security (Slade and Prinsloo 2013; Marzouk et al. 2016). 

Consequently, privacy and security features need maximum attention in SFLA design and 

implementation. 

Features of Student-Facing Learning Analytics 

Alerts on potential problems/risks of failing a course was identified as an extremely important SFLA 

feature. Alerting students on potential problems early enough may prevent students from dropping out 

of a course. For instance, Pistilli and Arnold (2010) reported that students who used Course Signals had 

a higher persistence rate throughout the course than those who were not using it. In addition, 

notifications on exam dates, submission of assignments, or upcoming events were found to be extremely 

important. This finding is consistent with prior studies such as from Reimers and Neovesky (2015), 

who found that students strongly agreed that they would be happy to receive automatic notifications in 

form of reminders about different learning activities. Notifying students on important activities can help 

them plan for future learning activities. Thus, features related to alerting students on potential problems 

or risks or notifying students on important learning activities should be prioritized during SFLA design. 

Moreover, setting learning goals and tracking progress on learning goal achievement was also found to 

be an extremely important SFLA feature. This feature relates to helping students devise study goals and 

monitor their achievement over time. Marzouk et al. (2016) found a learning analytics template that 

supported goal setting to be useful to students as it can increase students’ autonomy and in the long run 

students take responsibility for their own learning. The findings further showed that a feature showing 

performance data such as grades attained was extremely important. This finding is in agreement with 

Reimers and Neovesky (2015) who reported that students strongly agreed to a feature that allowed them 

to receive feedback on their performance grades. In a learning environment, students are always 

interested in knowing how well or poorly they are performing so as to improve. This kind of feedback 

supports awareness, self-reflection, and evaluation.  

Furthermore, comparing performance grades with self or over time, receiving real-time updates on 

learning progress, and monitoring course content mastery, competences, or skillfulness were found to 

be very important SFLA features. This is similar to Reimers and Neovesky’s (2015) finding that the 

majority of the students agreed they wanted to view their personal performance data. These findings 

confirm the value attached to feedback in the learning process. Literature indicates that feedback is very 

important in supporting self-regulated and self-directed learning (Alabi and Hatala 2017; Hattie and 

Timperley 2007). Feedback on grades attained and course content mastered coupled with self-

comparison over time can support students in taking responsibility for their own learning process. 

Within online learning environments, the need for feedback is even more prevalent given the lack of 

face-to-face interaction. Prompts for self-assessments and self-testing on learning materials was another 
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SFLA feature identified as very important from the students’ perspective. In a similar study, 

Schumacher and Ifenthaler (2018) found that receiving prompts with self-assessment questions with 

just-in-time feedback was the third-most accepted LA feature by students. Assessment is among the 

primary activities in a learning process and students need to be given opportunity to know how well or 

poorly they are likely to perform. Additionally, setting a study schedule for learning activities and a 

calendar were identified as very important. This is consistent with prior studies such as Tabuenca et al. 

(2016), who reported that that tracking time allocated to various learning activities improved students’ 

time management skills. Thus, SFLA systems should have features that allow students to manage their 

time. 

 

Suggesting learning partners or classmates in my network was another SFLA feature found to be 

important. Siemens (2004) pointed out that LA can be useful in helping students identify partners they 

can collaborate with and learn from each other. LA can help to reveal the social learning networks of 

students and the kind of information they exchange or share, hence learners can identify whom to 

collaborate with (Marzouk et al. 2016). Prompts for seeking learning support, such as identifying 

specific kinds of help and the people to help, including their contact details, was also found to be a very 

important SFLA feature. Help seeking is a very important strategy that learners employ to support their 

self-regulation. Likewise, consent to what data is used in the SFLA system was another SFLA feature 

rated as important. This finding is in agreement with prior studies such as Reimers and Neovesky 

(2015). It implies that students are conscious about their privacy and security. The issue of privacy and 

security has been a major concern in learning analytics research and recent studies have addressed these 

issues, for instance, by proposing ethical guidelines (Scalter 2017; Slade and Prinsloo 2013). SFLA 

designers should give maximum attention to privacy and security features. 

 

Results also revealed that students were skeptical about an SFLA feature linking to their social media 

accounts such as Facebook, Twitter, or Instagram. This result was unexpected given the popularity of 

social media among students, more especially in higher education. Reimers and Neovesky (2015) 

reported similar results in that students disagreed that a social media button should be available on a 

LA dashboard. Features related to social comparison such as a feature that allows classmates to see my 

grades online anonymously and comparing performance grades with classmates were found to be not 

important from the students’ perspective. This finding corroborates the criticism on such features in 

recent literature (Arnold and Sclater 2017; Willis and Pistilli 2014). It is somewhat surprising since 

Jivet et al. (2017) reported that social comparison features are among the most popular features in 

student focused LA dashboards. It is argued that although comparison might motivate others to put in 

more effort, those struggling might become demotivated while the good performers become complacent 

(Arnold and Sclater 2017; Willis and Pistilli 2014). We therefore suggest SFLA designers are cautios 

when addressing social-comparison features. 

Conclusion 

The described study arose in response to the need to better understand student needs, perceptions and 

expectations as a basis for more effective SFLA design. In order to enrich understanding of these 

factors, the aim of the study was to identify the kinds of user data and features that students consider 

important in SFLA by following a UCD approach. A survey of undergraduate students was employed 

to rank ten kinds of user data and 29 SFLA possible features. Assessment data such as quiz or test 

scores; resource usage such as number of downloads of course content like lecture videos; emotional 

state about the course such as stress, anger, happiness, or anxiety; and time spent watching lecture 

videos or completing a learning task were found to be extremely important kinds of user data in SFLA. 

Unexpectedly, students considered data related to their emotional aspects extremely important despite 

the fact that current LA applications have given less attention to emotional aspects of the learning 

process. It is therefore recommended that emotional aspects in the learning process should be 

considered in LA just like the cognitive aspects. Since social interaction data was not considered 

important from the students’ perspective and yet it is among the most-commonly tracked user data 

element in LA. This survey item may have been misinterpreted by the respondents. Future research 

should consider re-wording the term or defining it. Geo-location data such as location while around 
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campus was considered of low importance. This is evidence that students are conscious about their 

privacy and security. Privacy and security features of SFLA should therefore be addressed carefuly 

during SFLA design and implementation. 

 

With regards to the SFLA features, alerts on potential problems/risks of failing a course, performance 

data such as grades attained, and notifications such as on exam dates were found to be extremely 

important to students. These features reflect how important feedback and communication are to 

students, especially in online learning environments where physical interactions are minimal or absent. 

Setting learning goals and tracking progress on learning goal achievement was identified as an 

extremely important SFLA feature. This finding highlights the value that students attach to planning 

and monitoring of activities in then learning process. Meanwhile, our study revealed mixed feelings 

about social comparison features despite their popularity in current SFLA dashboards. Social 

comparison features should be implemented with caution since students were skeptical about them. 

Nonetheless, the overall results indicate that students are positive about SFLA. 

 

The present study underscores the importance of understanding student needs and drawing on learning 

sciences before embarking on designing and implementing SFLA. Such an approach will promote 

positive attitudes and increase future adoption while enhancing learning experiences and outcomes for 

the students. Even though the features of a given SFLA system may largely depend on the purpose and 

context of use, the present study is an important step towards identifying features that a generic SFLA 

should have. It will benefit those intending to design and develop SFLA tools that meet student needs 

with the aim of improving the overall learning process. 

Limitations and Future Work 

The small sample size and majority of the respondents coming from one discipline (Information and 

Communication Technology) are limitations worth mentioning. The present study may be extended 

with samples drawn from multiple disciplines to examine whether there are disciplinary differences in 

students’ preferences for SFLA features. Another limitation is the use of images or screenshots to 

demonstrate the possible SFLA features rather than a working prototype. Future research may consider 

exploring more about the kinds of user data tracked and the potential features using a prototype. We 

used a self-report instrument and thus the results may be biased. Future research may consider 

qualitative methods such as focus-group interviews so as to gain deeper insight into why the students 

rated some elements as very important and others not important. 
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