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Abstract

:

Research has shown the effectiveness of designing a Learning Analytics Dashboard (LAD) for learners and instructors, including everyone’s levels of progress and performance. An intertwined relationship exists between learning analytics (LA) and the learning process. Understanding information or data about learners and their learning journey can contribute to a deeper understanding of learners and the learning process. The design of an effective learning dashboard relies heavily on LA, including assessment of the learning process, i.e., gains and losses. A Learning Loss Recovery Dashboard (LLRD) can be designed as an instructional tool, to support the learning process as well as learners’ performance and their academic achievement. The current project proposes a LLRD prototype model to deal with potential learning loss; increase the achievement of learning outcomes; and provide a single, comprehensive learning process, where schools can evaluate and remedy any potential learning loss resulting from the distance-learning period that was caused by the COVID-19 pandemic. This systematic dashboard prototype functions to determine learning gains by K–12 learners. It is expected that the implementation of the proposed dashboard would provide students, teachers, and educational administrators with an integrated portal, for a holistic and unified remedial experience for addressing learning loss.
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1. Introduction


LAD is an instrument that enables school personnel to distinguish learning deficiencies via a convenient method, by offering advanced analytical approaches, e.g., visual representation of interaction [1]. Instructors need to be familiar with interpreting and observing different forms of visualizations (i.e., charts and graphs), which can represent the development of learners [2]. Vieira et al. [3] have proposed that the sound design of LAD should embrace a thorough analysis of diverse data, to result in numerous visualizations that would help instructors to identify effective facilitation approaches and what learners might lose throughout the process of learning. Furthermore, Gutiérrez et al. [4] and Zheng et al. [5] stated the value of LAD for teaching efficiency, learning outcomes, and support of efficient decision-making. It is, also, considered an enabler for identifying at-risk learners or groups, making the process more effortless and less time-consuming [6].



LAD depends primarily on the field of Learning Analytics (LA), which has been dealt with extensively as a promising methodology for analyzing digital data and adaptive learning environments [7]. LA deals with the analysis of structured (motivational measures of academic procrastination) and unstructured (students’ posts on social media) data, as well as information related to learners and their educational institutions, for the purpose of understanding and optimizing learning, including the context in which it occurs [8]. Rienties and Toetenel [9] state that LA improves instructors’ design practices. LA empowers both instructors and learners to enhance human judgment [10]. Charleer et al. [11] suggest that LA dashboards could be used as powerful metacognitive tools for learners, to consider the required efforts that should be invested in the learning activities and to set goals in order to attain learning outcomes.



Nevertheless, this concept is spreading, broadly, to include several potential definitions. For example, Hwang et al. [12] refer to LA as “the analysis and interpretation of educational data, such as the logs recorded in learning management systems, the interactive contents recorded in online discussion forums, or the learning process captured on video, to provide constructive feedback to learners, instructors or educational policymakers” (p. 134). Liu et al. [13], also, assert that LA is “a conceptual framework and as a part of our Perception education used to analyze and predict students’ performance and provide timely interventions based on student learning profiles” (p. 221). This definition is congruent with the aim of the current research, as it focuses on the role of LA in providing more satisfactory learning outcomes and lessening learning loss. The current study focuses on the use of LA by instructors and learners in K–12 education, with the purpose of using LA to detect learning loss among learners and determine how such learning loss can be addressed. This paper is a conceptual discussion of system design for the learner experience, to mitigate the impact of potential learning loss post-COVID-19 pandemic. The prototype design is explained in the paper, and the implementation will be reported in another study, after applying the conceptual design.



LAD should be designed and evaluated as a set of pedagogical tools, to catalyze change based on the multiple categories of LA, as outlined by the Society for Learning Analytics Research (SOLAR). Such categories are as follows: (1) The diagnostic analytics tool discovers underlying patterns in the data, to find key performance indicators and metrics to support student engagement. (2) The descriptive analytics tool provides insight into the past and descriptive reports for stakeholders. (3) The predictive analytics tool aims to understand underlying patterns in historical data as well as apply statistical models and algorithms to examine relationships. Last, and most advanced, (4) the prescriptive analytics tool provides advice regarding possible outcomes by recommending choices, using machine learning, business rules, and other types of computational models.



LAD aimed at instructors informs them of a learner’s status and progress, facilitating class management, provision of feedback, and evaluation and grading. Dashboards aimed at learners are mainly used as a tool to increase their awareness of their performance and enhance their ability to self-regulate their learning to achieve learning goals. LAD has been defined as ‘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’ (Siemens & Gaševíc, [14], p. 1). One of the main challenges related to LA is that it is not deeply grounded in the learning sciences [15]. LA acts as a ‘middle space’ [16] where technology intersects with learning sciences, so it should be approached as an educational approach guided by pedagogy and not vice versa. Emphasis has been placed on the computation of the data and generating predictive models. Now there is a need for more attention on learning and LA, with student outcomes at the center and the focus of improvement endeavors [17]. According to Wise [18], learners need four principles of pedagogical learning analytics for useful interpretation of data and productive use of LA: integration, agency, reference frame, and dialogue. As far as the reference frame is concerned, Jivet [19] identified three types of reference frames: (i) social, i.e., comparison with other peers; (ii) achievement, i.e., in terms of goal achievement; and (iii) progress, i.e., comparison with an earlier self. The three reference frames are, also, classified by the planned time of comparison. The social reference frame focuses on the present, facilitating the learner’s comparison of their current performance levels to their peers at the same point in time. The achievement reference frame is future-based and directs learners to aim for goals. Finally, the progress reference frame is anchored in the past; learners rely on it to evaluate their previous achievements.



Among the most recommended practices for the design and integration of LA, based on the learning sciences, is the design of dashboards as pedagogical tools that enhance awareness and reflection, as a means to catalyze changes in the cognitive, behavioral, and emotional competences. Educational concepts from the learning sciences should be used to motivate design decisions. Dashboards should be customized to provide the same support to all users. This requires identifying the group of learners that will benefit the most in the planning stage, before customizing the design, accordingly. More importantly, dashboard evaluation should use data triangulation to validate its effects with self-reported data, tracked data, and assessment data, all of which should influence the assessment of the design features based on educational concepts [2,20]. Evidence shows that LAD should move away from a ‘one-size-fits-all’ approach. Design should incorporate external factors, including instructional conditions and timeliness of feedback, as well as internal factors, including goals and self-efficacy, all of which affect the academic success of learners [21,22].



Therefore, the driving forces for conducting this study rely on the necessity to, appropriately, employ the effectiveness of LA to measure learning loss through designing an accurate dashboard. The identification of a unique dashboard for every learner is essential, since every individual student’s learning trajectory leading up to the pandemic was different. Another motivation for this study is to determine the current learning trajectories, to projected learning trajectories that likely would have occurred if learning was not interrupted by the pandemic, which is considered as a key to assessing learning loss and setting up a growth recovery plan.




2. Related Work and Background (Needs for Designing a Learning Analytics Dashboard—LAD)


School closures, due to the COVID-19 pandemic, have left over a billion students out of school. Most school campuses closed due to the pandemic, with either an abrupt or staggered transition to distance education during the 2020–2021 school year, with increasing global concerns upon re-opening. Furthermore, learning loss is expected to be more significant for low-income students and members of vulnerable groups, given the disparities in technology access, attendance, and live instruction for distance learning, during the school year affected by the pandemic. The pandemic has amplified most educational challenges, with most systemic mechanisms for accurate reporting of critical knowledge and skills acquired and reflected in the school curriculum.



Learning loss can be defined as the difference between a current learning level versus the ideal or normal condition. In this case, it is the difference between the learning that occurred during disruption and the learning that would have taken place in a COVID-19-free school year. [23]. This shows the difficulty of measuring learning loss, since with normal schooling conditions, the comprehensive standardized tests that cover a sample of grade-level typical results can be compared to COVID-19-free school year results, revealing the difference by grade, subject area, and student group. This will facilitate tracking the impact and its possible consequences [24]. However, this typical understanding of learning loss can be measured through the identification of grade level, subject area, and student group, to determine the difference and its effect on students’ entering new grade-level content each year [25]. This measurement cannot be applicable to learning loss caused by the pandemic disruption, due to the difference between achievement and comprehensive standardized-exam-testing goals.



Learning loss can affect students’ readiness in their next grade-level transition and can cause evident difficulties accessing content each year. [26]. The learning loss measurement should consider students’ assessment on learning outcomes, according to state standards, as well as the potential learning loss resulting from school closure, representing that those two achievement gaps are expected [27]. Educational policies and decision makers should consider gaps in proficiency levels, to identify the impact of these gaps on the performance of the education system and to examine the magnitude of these gaps for larger systemic losses [28]. This requires huge efforts to be made on students’ reentry, which should include customized plans of diagnosis for proper proficiency placement and extensive testing mechanisms, in addition to plans for the remediation and reorganization of school days and hours. There is also a need to adopt new learning models, with teaching strategies that combine face-to-face and online teaching with informal testing, to address COVID-19-related achievement gaps, focus on high-quality classroom assessment systems, and implement powerful formative assessment practices [29].



The long-term impact of the pandemic on students will depend in large part on the steps that school-system leaders take now to mitigate and address the potential learning loss. Students will also need help to offset losses that have occurred through high-density tutoring or more personalized mastery-based programs. Given the breadth and scope of learning loss, systemic solutions must be implemented as part of the recovery [30]. Among the most recommended recovery strategies is the implementation of pre-assessment and post-assessment plans, comparing students’ progress and achievements between the two assessments after teaching them through a designed, unit-based curriculum for what is deemed essential knowledge and skills for each unit throughout the year. However, some students may arrive with the required knowledge and skills. The regular coverage of the curriculum will not guarantee learning and will consume teachers’ time and efforts. Therefore, evidence rather than time of learning will be the best method of measuring curricular attainment. In addition, it is imperative to support such measurements with readiness plans to address this expected loss and to prepare recovery and intervention plans [31].



The Center for Research on Education Outcomes (CREDO) at the Hoover Institution of Stanford University estimated the magnitude of student-level learning losses in 19 states through the development of measures of what achievement scores would have been in Spring 2020 within a pandemic-free school semester and estimates of students’ achievement at the point in mid-March 2020 during schools’ closure, and from the mid-March point. Additional adjustments for further learning loss to the end of the school year and the third set of estimates were based on school-specific factors, such as the summer learning loss students experienced in the past, applying the same pace of loss to the remainder of the 2019–2020 school year.



The findings on learning losses support four general inferences. First, the findings indicate that if learning loss equals a full year of learning, then recovery of the 2019–2020 losses could take years. Second, the wide variation among schools means that the traditional models of classroom-based instruction of one size fits all and fixed pace approaches will not be sufficient to meet the needs of students. New approaches must be implemented to ensure high-quality instruction is available in different contexts, as different skills are required in different settings. Third, there is a critical need for rigorous student-level diagnostic assessments. In addition, regular progress and achievement checks are required and must be aligned with previous assessment mechanisms to plan recovery. Fourth, schools with the largest estimates of learning loss are the least expected to set recovery plans on their own and to plot their own way forward. Reliance on independent school efforts will not support equitable achievements.



There are expected contributions to be made with the LLRD, mainly to reduce the negatives of learning loss, since such automated-oriented tutoring system could provide a tutoring package and a toolkit for coaching that deliver timely, useful, and relevant feedback to compensate learning loss. According to Fernández-Nieto, et al. [32] a learning dashboard can be used as a useful tool to visually display important information on a single screen so that it can be observed immediately.



Furthermore, a review of the most recent developments in LADs, focusing on research published from 2018 to 2021, yielded a total of 17 papers out of 600 papers in the literature [33] targeting learners and instructors. Among the five key assertions grounded in the dashboard literature is the need to bridge a gap regarding evidence of the positive outcomes for learners. In addition, there is a need to examine evaluation efforts regarding the utility of LADs. The review framework adopts a scheme that analyzes the descriptive, predictive, and analytical functionalities supported by the reported evidence, outlining the effectiveness of LADs on learning outcomes. The descriptive and predictive dashboards helped students to perform better in the formative assessment [34] identified at risk-students [35,36], and significantly supported students’ academic performance in their courses [36].



KaraoglanYilmaz & Yilmaz [37] argued that providing analytics reports through LADs positively increased student motivation. Han et al. [38] highlighted that LADs monitored students’ learning progress and facilitated necessary interventions for students who needed additional assistance. Majumdar et al. [39] showed an engagement score as an aggregate value across several student interaction measures and facilitated generating prescriptive reports for students based on the engagement score. More sophisticated prescriptive algorithm-based and data-driven analytics are yet to emerge [33].



According to Susnjak et al. [33], the reported effectiveness and value assessment of LADs in the literature have been examined and piloted qualitatively upon various LAD implementations [2,36,38,40,41,42,43,44,45,46]. LADs have also been tested quantitatively through statistical analyses that showed that LAD usage had a positive impact on learning outcomes [34,36,38,47].



For example, Bodily et al. [2] designed and implemented a student-facing learning analytics dashboard to support students learning in online environments with two distinct components: a content dashboard to help students identify gaps in their content knowledge and a skills recommender dashboard to help students improve their metacognitive strategies. The dashboards were evaluated with focus groups and a perceptions survey. The evaluation showed that students were positive in their perceptions of the dashboards, with 79% of the students finding them user-friendly, engaging, helpful, and informative. Further, they reported that only 25% of students used the dashboard multiple times and recommended implementing motivation and student support strategies identified and discussed in our framework.



Gras et al. [41] focused on a student dashboard design process to decrease student dropout, collecting 88 student opinions through a questionnaire. Among the key features students would use in a dashboard, 99% selected features that display their performance, and 56% expressed willingness to use a feature that shows peer comparison. The authors recommend keeping this feature optional and on-demand-only for students. Our proposed dashboard prototype leverages this feature to create a gamified learning experience for the learner, rather than using it for mere peer comparison purposes.



Han et al. [38] developed two dashboards for students and instructors. These enabled students to monitor their collaborative activity process through adaptive feedback and helped the instructor provide adaptive support at the right time. The effectiveness of the dashboards was examined in a university class with 88 students (56 females, 32 males) for four weeks. The findings indicate the usefulness of learning analytics dashboards in improving collaborative learning through adaptive feedback and support. Students’ perceived group processes were significantly enhanced by using the dashboards: Participation (t (84) = 3.352, p < 0.01), Interaction (t (84) = 3.778, p < 0.001), and Group Regulation (t (84) = 7.868, p < 0.001). Using the dashboard system significantly improved Group Achievement, Quality of Group Activity (t (21) = 7.241, p < 0.001), and Perceived Group Performance (t (84) = 4.593, p < 0.001). Students had a positive attitude toward the dashboard and perceived it as valuable and easy to use. In addition, individual learning significantly improved, according to the paired t-tests on individual learning. The dashboard system effectively improved Situational Interest (t (84) = 2.773, p < 0.01) and Perceived Learning Outcomes (t (84) = 4.268, p < 0.001). This result indicates that the dashboard promoted group learning and individual learning.



Han et al. [38] recommended that the information provided through a dashboard needs to be organized within theory-based critical indicators regarding the effectiveness of the learning process. In addition, students’ activity data needs to be utilized to support their learning process based on educational theory. Moreover, they recommended that the system should not provide extensive instructional feedback or guidance during the learning process, in order to enhance students’ regulation skills.



Kokoç & Altun [36] developed and integrated a prescriptive learning dashboard within an e-learning environment. The participants consisted of 126 higher education students enrolled in the 12-week Computer Networks and Communication course. Data gathered through logs, and academic performances of learners, were analyzed with data mining techniques. The study concludes that interaction with the prescriptive learning dashboard had significant effects on learners’ academic performance. Further, the artificial neural networks algorithm yielded the best performance for predicting academic performance. The results suggest that prescriptive learning dashboards can be integrated into online courses as an instructional aid to enhance learners’ performance and leverage the learning design in e-learning environments.



Naranjo et al. [44] introduced CloudTrail-Tracker, an open-source platform to obtain enhanced usage analytics from a shared Amazon Web Service account. The tool provides the instructor with a visual dashboard that depicts all students’ aggregated usage of resources during a specific time frame, as well as individual students’ activities. Based on a satisfaction survey of 64 participants and usage analytics, the students positively reported the tool’s usefulness. They highlighted its potential for semi-automated assessment and student self-awareness of their training progress.



In Ulfa et al. [46], a learning analytics dashboard improved learning interaction, impacting learning success. Tests were conducted on 67 students, and questionnaires were distributed and then analyzed using descriptive methods. The result highlights that most students who take online learning using the learning analytics dashboard perceived it as useful for self-evaluations of their interaction and facilitating their learning management. The results of the study showed that most participants agreed that LAD can provide helpful information on their interactions with Learning Content (M = 4.15, SD = 0.557) and Learning Environment (M = 4.13, SD = 0.457), as well as identifying learning challenges during their learning process (M = 3.88, SD = 0.477).



Aljohani et al. [47], through an empirical investigation, examined the potential of LAD. Student-centered LADs were integrated within LMS through a proposed framework that exploited cognitive computing using four indicators: frequency of accessing the LMS; frequency of accessing the discussion board; the number of threads added to the discussion board; and quiz results. A total of 86 students participated voluntarily. In the control group, 43 used the teacher-centered analytical dashboard provided by the LMS. In the experimental group, the other 43 students used the student-centered learning analytics dashboard to learn about their performance. The results highlight the effectiveness of the student-centered learning analytics dashboard in enhancing students’ engagement and access to the course. It was more effective than the teacher-centered analytical dashboard in improving their summative assessment results.



Fleur et al. [34] developed a LAD and designed an intervention that relies on goal orientation and social comparison. Subjects can see a prediction of their final grade in a course and how they perform compared to classmates with similar goal grades. First-year Bachelor’s students were recruited (n = 79) and randomly assigned to either the treatment group (access to LAD) or the control group (no access). Those with access to the dashboard expressed higher motivation levels than those without access. Further, they outperformed their peers as the course progressed and achieved higher final grades. This study’s results indicate that learner-oriented dashboards are technically practical tools and may benefit learners.



KaraoglanYilmaz &Yilmaz [37] examined the effect of LADs on the learners’ transactional distance and motivation. The experimental design research was carried out on 81 university students. The students were randomly assigned to the experimental and control groups. While the students in the experimental group were provided feedback on the weekly LAD results, no feedback about the LAD results was provided to the students in the control group. Research data were obtained through a transactional distance scale and motivated strategies for learning questionnaires. The results showed that providing metacognitive feedback support to learners regarding LAD results positively decreases transactional distance and increases motivation.




3. Theoretical Background


This conceptual design of the proposed approach to mitigate potential learning loss amid the COVID-19 pandemic adopts design thinking as a theoretical approach, to strategically tackle this educational challenge and offer a practical solution that stems from the consideration of users’ needs. Further, the backward-instructional design underpins the proposed LLRD prototype, as it provides guidance for instruction and designing learning experiences, starting from the outputs of instruction.



3.1. The Design Thinking Approach


The LLRD discussed in this paper adopts the principles of the design-thinking approach through the non-linear, iterative process, via the diagnostic, descriptive, predictive, and, finally, perspective phase. This final phase informs the next round of learning loss assessment, starting, again, with the diagnostic phase to identify and measure learners’ next required learning objectives, based on their achievements in the previous learning session. The design-thinking approach is, also, considered as most useful to tackle ill-defined problems through its five phases: understand the user’s needs, define the problem, ideate solutions, develop a prototype, and test solutions [48]. This proposed prototype of LLRD stemmed from the consideration of users’ needs, to reduce the time and efforts of teachers and education professionals to evaluate and remedy learning loss because of students being away from school for a long period of time. Furthermore, there is no one size that fits all; providing a system that evaluates students’ learning loss individually will personalize learning and enhance students’ learning with the most needed knowledge and skills. This study also defined the problem facing learners, teachers, and educational administrators, for how to effectively cope with potential learning loss post-COVID-19, after schools’ reopening, and how to provide effective remedial solutions. Further, this study ideated a solution based on assigning a distinct learning path on an LMS (LLRD), with special features and a predefined learner’s journey, through four key phases and an experience-evaluation mechanism for teachers and administrators. The final testing stage of the design-thinking approach can be applied, by testing this proposed LLRD prototype that will be reported in future applications.




3.2. Backward Instructional Design


The proposed LLRD prototype follows backward-design principles, with the focus on the outputs of instruction. It provides guidance for instruction and designing learning experiences from the first stage. The system asks students to choose and identify learning goals, and it generates learning and assessment, accordingly. The backward design eliminates unnecessary activities or tasks, purposefully providing instruction and assessment that aligns with the overarching goals of the course, and leverages what students will need to know and understand during the design process [49]. The LLRD was developed according to the three key stages of backward design: identify desired results through the first diagnostic phase of the dashboard, determine acceptable evidence through the outcomes of the descriptive and predictive phase, and plan learning experiences and instruction through the perspective phase.





4. Methodology


The literature identified key methodological approaches for conceptual studies, as conceptual papers, typically, draw on multiple concepts, literature dimensions, and theories that serve different purposes and roles [50]. Conceptual papers focus on proposing new relationships among constructs, to develop complete arguments on these constructs rather than evaluating them empirically [51]. One critical factor, which serves to satisfy the conceptual paper methodological approach, is to explicate the key steps in the argument and clarify the conceptualization. The process of the phenomenon is through simple and logical coherence. The methodology of conceptualization adopted in this paper is the Theory Synthesis [52], which supports achieving conceptual integration across multiple theories or literature streams, to provide an enhanced view of the phenomenon and link previously unconnected pieces. This paper summarizes and integrates the existing knowledge of the potential challenge facing schools after schools’ closure post-COVID-19 pandemic, linking it to extant effective remedial measures exploiting the power of learning management systems and the design-thinking approach. In sum, this paper summarized and encapsulated the discussion on the learning-loss challenge and linked remedial solutions to the design-thinking principles applied to the learning-experience domain in Learning Management Systems and Learning Assessment Dashboards. The research questions guiding this study are:




	
How can potential learning loss post-COVID-19 pandemic be mitigated, utilizing the design-thinking approach in redesigning the learning experience for an LMS?



	
How can learners’ experience with the LMS be adapted, to support learning recovery after having potential learning loss post-COVID-19 pandemic?









5. System Architecture (Designing a Learning Analytics Dashboard—LAD)


5.1. Prototype Architecture


The prototype architecture, basically, encompasses six phases, starting with the sign-up page followed by the diagnostic phase, descriptive phase, predictive phase, prescriptive phase, and the final reporting phase, which are discussed in detail in the next sections.




5.2. Sign-Up Page


Utilizing the principles of design thinking and instructional design, and based on the previously discussed literature on LAD, the LLRD prototype model begins with a simple registration page. Here, students fill in personal information, such as name, profile picture, grade, level, class, school name, and student identification number (Figure 1). This page is assigned as an initial (introductory) page of the portal, if the system is distinctly planned as a separate portal from the LMS. However, the system can be best applied as a building block for an integrated solution or an add-on to the LMS, to ensure compatibility with a student identification system, existing implemented online courses, and a central exam system. This page helps learners identify their previous learning outcomes through centralized pre-assessment tests, which are generated through an automated bank of questions. This defining page can be designed to exploit the social reference frame to show learners’ data in comparison to the whole class, either for individuals or peers in collaborative learning settings, or to be compared to previous graduates of the same course.



The other suggested pages of the system, as described below, are integrated pages within the LMS. They open with an encouragement statement. Starting the learning-loss-recovery journey with a welcome statement attracts and motivates students to the portal and provides a positive impression of the tasks required by the student. LAD can be explored through indicators that provide useful visualizations for users and stakeholders. These indicators can be categorized into action, result, social, content, context, and learner categories. Park and Jo [53] reviewed related studies on LADs from 2005 to 2013, to get an overview of the important features of state-of-the-art LADs. Those criteria include intended goals and target users, data extraction and mining, visualization, and evaluation. Visualized information in LAD influences user psychology and behavior, driving effective teaching and learning. The target users determine the particular intended goals, and the application of sophisticated data mining algorithms allows them to make decisions effectively [54]. The techniques used previously primarily provide diagnostic, descriptive, predictive, and prescriptive analytics. The user journey throughout the system and system interface pages is discussed in detail below.




5.3. Diagnostic Phase (1st Page Interface)


The first page interface should provide a pre-assessment of students’ level of learning loss. On this page, students log in to the system and select the course they are willing to start with, to enhance their learning, as well as the unit and lesson of their choice. They also select the test type, whether it is a short or long test, multiple choice, or any type of objective test, as shown in Figure 2. Students can choose their challenge goals, which are linked to students’ learning outcomes. This page also can include a record of collected badges of students’ progress, achievements, and the number of completed courses, to encourage their self-regulated learning skills and metacognitive skills, as well as to motivate them to challenge themselves to take and retake course exams. This self-regulated learning experience can enhance students’ 21st-century skills, such as critical thinking, decision-making, problem solving, and lifelong learning. Teachers should acknowledge students’ achievement badges during class, through the course LMS page, through announcements, or through an integrated achievement board on the course main page. These achievements can also be announced during in-person class time in blended learning classrooms.




5.4. Descriptive Phase (2nd Page Interface)


The second page interface shows the results of the previous phase and offers students a program of study that is based on students’ previous choices, automatically generated by the system, as seen in Figure 3. The program can include the subject components in different units or micro units. Courses can also be chunked into micro-content and short quizzes, to encourage students to self-test their knowledge and skills through a simulation of ungraded final tests, quizzes, and activities, such as low-stake exams, to encourage students’ practice of course content. This stage of the system acts as the critical phase of potential required innervation and represents the Zone of Proximal Development (ZPD), where background knowledge is observed and measured, before information, knowledge, and understanding are analyzed for instructional intervention. This stage leads to obtaining meaningful feedback for teachers and facilitates the identification of the level of learning loss, in terms of its breadth and depth. It provides indicators for learning standards and goals for instruction, and facilitates setting an obtainable performance level toward achieving learning retention.



Throughout this phase, learners should be placed in a certain aptitude level, according to four levels: (1) Platinum, (2) Gold, (3) Silver, and (4) Bronze. In other words, the system generates recovery plans according to students’ competence levels in the subject matter. The system also opens up immediate access to an Instructions page, with detailed information on instructional units and modules, estimated completion time, and grade distribution. The Backward Instructional Design can be effective at this stage, in identifying the learning outcomes and assessment methods to help students master the most important concepts, without overburdening them with identifying results, determining acceptable evidence, and planning learning experiences and instruction. Teachers can monitor students’ progress accessing instructional materials, number of views, interactions, number of activities performed, etc. This stage of information displayed on the dashboard can be designed based on achievement of the learning activity reference frame, for goals set either by the teacher or by learners themselves. Presenting learners’ performance in learning-outcomes achievement links it to skills, content, and performance mastery. Developing a descriptive LAD through an LMS is a movement toward extending to other dimensions, such as applying prediction models, including logs of activities in informal and open-learning environments [53].



Other enrichment courses can be provided for students through the dashboard and give them the freedom to enrich their learning loss recovery plan. Widely analyzed dashboards revealed that there is little support for goal setting and planning, as almost no dashboard allowed learners to manage self-set goals. Furthermore, social framing at this stage is more common than achievement framing. Comparison with peers can stimulate students’ motivation to work harder and increase their engagement, sometimes by ‘inducing a feeling of being connected with and supported by their peers’ [55] Through this framing, the learning loss recovery process will be created through a gamified experience, for students to compete with other colleagues or have self-competition and collect progress badges and certificates to be compared with peers based on achievement goal orientation theory. This theory distinguishes between mastery and performance orientations, as the motivation behind engagements in an achievement task [56]. In contrast to learners who set mastery goals and focus on learning the material and mastering the tasks, learners who have performance goals are more focused on demonstrating their ability by measuring their skills in comparison to others. LA dashboards should contextualize the data in terms of goals achieved and use different groups of peers as a frame of reference.




5.5. Predictive Phase (3rd Page Interface)


Predictive analytics aims to understand the underlying patterns in the historical data as well as apply statistical models and algorithms to examine relationships. The predictive phase of the process generates feedback on the expected future performance by students, depending on their performance on previous assessment stages. It provides predictions on their progress and the likelihood of their achievement of learning outcomes, based on previous assessment results and outcomes, as shown in Figure 4. Automated feedback is a crucial component for the development of self-regulated learning skills [57]. Online learning environments support learners’ progress and learning self-regulation skills through the data generated by the system tracking their performance [58,59]. A very low percentage of learning dashboards focus on learners, due to the contrasting purposes for dashboard usage among learners and teachers.




5.6. Prescriptive Phase (4th Page Interface)


The fourth page interface enables students to take or re-take previous tests, based on what they have learned through the automatically prescribed program in previous descriptive stages. They can check their progress after learning and practice, through the customized learning program, according to their level of learning loss, as it is tailored to their individual preferences and instructional needs. Results can be shared on the main page of the course LMS, to encourage and motivate other students to compete with their colleagues. System outcomes can also be programmed to be posted on the achievement dashboard throughout the system. Teachers can provide support and one-on-one feedback during the in-person sessions of the class. The results can inform instruction and remedial learning plans.



This phase contains post-assessment test questions, to measure the achievement of previous school-level learning outcomes. Students can see their progress and course completion tasks, as presented in Figure 5. A final report and certificate show student progress and achievement. The teacher can then accept the completion grade or direct the student to repeat the course. Students’ performance on a grade level can be measured and compared to previous cohorts, prior to the pandemic, at the same grade level. Students’ performance on an individual level can be evaluated by the number of learning outcomes they were able to attain. The progress frame of reference can provide learners with the ability to visualize their progress over time and access their historical data.



Throughout this phase, the system can provide students with an option to learn by completing exercises with a partner or group of students. Students can then view the progress and achievements of their colleagues, to enhance their motivation to use the system. Students can also choose to lock or unlock their personal achievements, until they reach advanced progress on the system. Such learning opportunities enhance social learning and competitiveness among students, through a gamified learning experience, as presented in Figure 6. Both teachers and school administrators can view students’ progress and import reports of individuals or groups as presented in Figure 7. Final grades or outcomes can be added to the current-year academic progress in the teacher or administrator dashboard. Recent studies show that it is better not to teach previous content to remedy learning loss; teaching new content yields the best results [26].





6. Evaluation (Issues to Consider for a Learning Analytics Dashboard—LAD)


It is known that the learning process involves a sufficient mastery of knowledge, skills, and competencies. A successful learning process depends largely on theoretical cornerstones, which should be taken into consideration by instructional designers and policy makers. Such components, which are crucial for determining the process of learning and its success include the (1) teachers’ role, (2) learners’ performance role, and (3) digital content role.



6.1. Teachers’ Role


The teacher’s role is maintained through monitoring students’ performance, facilitating potential challenges, answering ambiguous questions, and discussing periodical and summative reports with students. Sedrakyan et al. [60] indicated that learners need both task-related feedback that improves learning outcomes and process-related feedback that informs the needs for behavioral change from their teachers. Through instructional scaffolding, teachers offer support to enhance learning and aid with mastering tasks. As students learn new skills, they build their experiences and knowledge systematically. Teachers support students for better self-paced learning and serve as knowledge activators and facilitators of skills acquisition. Zheng et al. [5] have shown the influence of teachers’ thoughts and feelings on the process of achieving the objectives of learning, the nature of the process of collaborative learning, and how learning can be achieved in the best possible manner. Teachers provide a link between students’ learning needs and what is taught in-class and out-of-class (online).




6.2. Learners’ Performance Role


Learners’ performance plays a key role throughout the process of learning, which vastly depends on learning useful content. It can be sustained through self-regulated learning. Tempelaar, Rienties, and Nguyen [61] asserted that LA is a contributor for providing predictions concerning learners’ performance; it has become crucial to situate smart learning goals for the possible assessment of learners’ efforts. According to Zimmerman (1990), self-regulated learning refers to self-created emotions, feelings, and behaviors, which are seen as contributors to achieving the learning goals. These emotions include anger, enjoyment, anxiety, frustration, curiosity, confusion, and surprise. It is vital to understand the differences between learning goals and performance goals Learning goals [62] typically consist of a learning component, demonstrating acquisition of knowledge, skills, or a change in behavior. Learning goals focus the learners’ attention on processes and the strategies to acquire them. In contrast, performance goals consist of a component related to completing a task on hand, without focusing on the role of strategies in completing tasks [62]. Both goals are crucial to minimize learning loss and to activate learners’ performance, when a recovery plan is initiated.




6.3. Digital Content Role


In addition to the roles of learners and teachers mentioned earlier, digital content is considered a crucial factor to enable the process of learning. The design of digital content is a collaborative process that is shared among teachers, instructional supervisors, and instructional designers, to ensure the quality of the content delivered. Recommended units for accomplishing the most-needed learning outcomes, through selective multimodal content, and supporting self-regulated learning, include videos, quizzes, webinars, and tests, for each subject area. The existence of high-quality digital content largely depends on the technologies and tools used to keep the participants interested and motivated. Digital content has become clearer with the advent of Web 2.0 technologies, as they enable users to create, remix, and share such online-based content in much more flexible ways than before, confirming that such technologies are spaces for social interactions. According to Fansury et al. [63], digital content comes in a variety of formats, including ‘text or writing, images, videos, audio, or a combination that is converted by the reader into code so that it can be read, displayed, or played by a digital machine or computer’ (p. 3). Such digitally oriented content should be considered when designing modules or units, so they may support the processes of formative and summative assessment.





7. Discussion


The proposed LLRD prototype has several potentials, and it serves the achievement of multiple educational goals. It facilitates students’ acquisition and improvement of self-regulated learning skills, provides learners with focused and short learning courses utilizing microlearning strategies, acts as the critical phase of potential required innervation, and supports motivating students and raising their engagement with the subject matter according to gamification principles.



7.1. Self-Regulated Learning


The LLRD prototype facilitates students’ acquisition and improvement of self-regulated learning skills [64]. Academically successful students are those who are confident in their learning skills and self-regulated learning, as well as those who are able to exert control on their learning and manage it in a self-reliant manner [65,66]. They perceive learning as a systematic and controllable process and are able to define their learning objectives. They take responsibility for achieving their learning goals and maintain proactiveness in dealing with learning challenges and difficult study conditions [67]. These behaviors of self-efficacy and active involvement in planning the acquisition of knowledge and maintaining continuous self-evaluation will support students to be independent and life-long learners with 21st-century skills. The LLRD facilitates students to take full control of their learning, employ motivational strategies more extensively, and effectively strategize the learning process [68]. The proposed LLRD supports the improvement of self-regulated learning skills, enabling learners to increase their chances for remedial loss efforts and for reinforcement in future-learning processes. Learning sessions can be self-paced, but, initially, scheduled for students by their teachers, who can help plan the start and end dates.




7.2. Microlearning


The LLRD prototype is designed to provide learners with focused and short learning courses, utilizing microlearning strategies. Microlearning refers to short learning activities with microcontent [69], which involve teaching and learning through small learning units and short-term educational activities. Through microlearning, learners control what and when they are learning. This supports learners’ creation, transfer, and retention of knowledge [70]. It, also, encourages continuous lifelong learning, and it can bridge the gap between formal and informal learning [71]. Prior research identified that millennial-generation students require new pedagogical strategies. They expect their education to be immediate, interactive, and enriched by group activities. This generation is more engaged in learner-centered classroom environments, and technology is one of the most engaging tools for them. The LLRD prototype design is ideated to provide learners with microcontent and learning tasks with a “small, manageable chunk of information more regularly” [72], to suit millennial students’ learning needs and strategies.




7.3. Scaffolding ZPD


The third stage of the LLD prototype acts as the critical phase of potential required innervation. It represents the zone of proximal development, where background knowledge is observed and measured; then, information, knowledge, and understanding are analyzed for instructional intervention. This stage leads to obtaining meaningful feedback for teachers and facilitates the identification of the level of learning loss in terms of its breadth and depth, providing indicators of learning standards and goals for instruction. It, also, facilitates setting the obtainable performance level for achieving learning retention. The Zone of Proximal Development (ZPD) is “the distance between the actual developmental level as determined by independent problem solving and the level of potential development as determined through problem-solving under adult guidance, or in collaboration with more capable peers” [73], (p. 86). Vygotsky believed that when a student is in the zone of proximal development for a particular task, providing the appropriate assistance will give the student enough of a “boost” to achieve the task. One of the most effective strategies to assist learners to move through the zone of proximal development is through scaffolding, which consists of supportive activities provided for learners as they are led through the ZPD. Support is tapered, when the students are able to complete the task again on their own, so they will be able to achieve the learning goal beyond their unassisted efforts. The LLRD stages provide the appropriate assistance students need, as identified by the system.




7.4. Gamification


The LLRD prototype is designed around the concept of gamification, which is the application of game-design elements and game principles in non-game contexts; some classic game elements are points, badges, and leaderboards. Gamification helps to motivate students and make them more engaged with the subject matter. According to gamification theory, learners learn best when they have goals, targets, and achievements to reach for in a way they perceive as fun [74]. The game-based elements in the LLRD include point scoring, peer competition, and score tables. These elements drive sustained engagement, encourage students to test their knowledge, promote self-teaching, and support using technology, to streamline teachers’ workload and make learners more visible through progress indicators. The LLRD prototype is designed around giving points for students that are meeting learning-outcomes objectives. Through this points system, students move up through the ranks, creating competition within the classroom, while working on gaining any potential knowledge or skills lost from distance learning during the pandemic. Through the gamified learning experience, while students are working on learning loss, other students are, also, enabled to compare and reflect on their personalized performance. Students feel they have ownership over their learning, and teachers can collect data, track progress, and tailor rules. Teachers can utilize students’ progression through levels and checkpoints, to provide support and focus for struggling students.





8. Conclusions


Studies from several countries suggest that school shutdowns put students up to six months behind the academic milestones their cohorts would typically be expected to reach. COVID-19 could result in a loss of between 0.3 and 0.9 years of schooling, adjusted for quality, bringing down the effective years of basic schooling that students achieve during their lifetime from 7.9 years to between 7.0 and 7.6 years. Additionally, without effective practical actions when students return to school, approximately $10 trillion of lifecycle earnings could be lost for this cohort of learners, which will increase their potential for dropping out of school [30]. One of the practical actions, to reduce the negative consequences of the pandemic, is to adopt this planned prototype of LLRD or similar solutions. It is designed for K–12 learners and their teachers, to lessen the negative consequences of COVID-19 on students’ performance and to alleviate potential academic loss due to school interruptions. This prototype adopts several instructional approaches, educational theories, and thinking frameworks, including the design-thinking approach, backward-instructional design, self-regulated learning, microlearning, scaffolding ZPD, and gamification. However, there are several limitations that are worth discussing, and these limitations, also, illustrate improvements that can be done in the future to improve this conceptual-system design. The proposed LAD should be examined empirically through different lenses. It can be improved, by collecting stakeholders’ perspectives, to enrich the design before implementation, with suggested improvements from different users’ evaluations and feedback. Further, it can be implemented through pilot application within limited parameters, such as one or two classes and a small sample size, to assess the strengths and weakness of the LAD and collect input for improvement. In addition, teachers as well as administrative and technical teams need to support integration during implementation and provide their feedback on each system phase. Finally, artificial intelligence technology and adaptive learning systems can leverage the system used to measure and lessen the learning loss impact, according to each learner’s needs, tailoring the experience to an individual learner’s characteristics.
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Figure 1. Design of the prototype architecture. 
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Figure 2. Sign-up page and assessment of previous learning. 
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Figure 3. Diagnostic phase—1st page interface. 
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Figure 4. Descriptive phase—2nd page interface. 
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Figure 5. Predictive phase—3rd page interface. 
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Figure 6. Prescriptive phase—4th page interface. 
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Figure 7. Overall students’ performance results. 
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