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Abstract 
Education in the normal era post-pandemic implements flexible learning to allow students to 
choose learning places and steps by integrating students and technology to enable new 
possibilities aimed at effective learning. However, students encounter tremendous challenges 
of losing learning focus for not giving the necessary commitment or enough attention to deal 
with learning tasks. This learning problem may create a severe issue if not detected from the 
beginning and addressed systematically. Learning analytics can monitor learning progress and 
identify the learning problems of individual students. Several previous studies focus on the 
analytical framework of learning, but attention to meaningful learning and the development 
of problem-solving skills is still insufficient. This paper aims to propose a self-regulated 
meaningful analytic learning framework that promotes problem-solving skills. The framework 
aims to guide educators and administrators in the new normal in implementing personalised 
learning analytics in self-regulated meaningful learning. The employment of meaningful 
learning strategies supported by learning analytics help students prepare the skills needed to 
match their individual needs. 
Keywords: Learning Analytics, Personalized, Meaningful Learning, Self-regulated Learning 
 
Introduction 
Education in normal era post-pandemic implements flexible learning regardless of the 
learning time, place and steps. Flexible learning occurs by integrating people and technology 
to enable new possibilities aimed at effective learning. Among the learning goals in education 
in the New Normal is to provide students with the problem-solving skills required by the 
industry. Learning encourages students to give meaning to the concepts they learn and apply 
them in real life.  
In line with Education in the New Normal, online learning leverages technology to support 
learning activities. Although technologies such as social media carry the potential to enable 
student-oriented pedagogy to be carried out (Wieser, 2019), students face various related 
problems that lack the attention of educators (Liu & Huang, 2017).  
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Learning problems in education in the New Normal involve the potential of students to lose 
control in their learning tasks that require students to play an essential role in self-learning 
(Janati et al., 2019). These problems are related to the different backgrounds, abilities and 
tendencies of each student, which can lead to learning resource constraints and a lack of 
learning motivation (Corrin et al., 2016; Haron, 2018)  
If not detected from the beginning and addressed systematically, the problem of losing the 
focus of learning will endanger more severe issues. The issue relates to higher education 
institutions' role in providing education in the New Normal to be not implemented effectively 
(Fox, 2020). Problems of student involvement in learning also affect in-depth understanding 
and also affect the development of problem-solving skills (Aker et al., 2019)  
The mentioned problem also affects the learning goals in education in the New Normal, which 
involve technical capabilities and problem-solving skills (Selamat, 2017). Furthermore, 
problem-solving skills appear to be among the primary skills of graduates in the job market in 
2015 and 2020 (Haron, 2018). Problem-solving skills remain relevant to human resource 
development. However, much of the job market in the IR 4.0 industry, especially the 
manufacturing sector, is taken over by robots, artificial intelligence and automation. The 
problem-solving requirements remain relevant in the market, such as critical thinking, 
empathy-based management and decision-making (Thannimalai & Raman, 2018). 
Technology in Education in the New Normal can generate various data, including student 
information and learning performance (Selamat, 2017). The system requires learning 
analytics that supports policy development and decisions related to educational activities to 
use this data. Learning analytics can help quality decisions, contributing to a better 
understanding of situations and learning problems for individual students(Liu & Huang, 2017; 
Ramli et al., 2019). Learning analytics require integration with meaningful learning strategies 
and designs capable of supporting self-learning to stimulate students to apply knowledge for 
real-life use and problem-solving (Chuan et al., 2019; Hairulliza et al., 2019). In-depth studies 
on the contribution of meaningful learning and learning analytics to problem-solving skills in 
education in the New Normal have not yet been thoroughly researched. Hence, more 
research is needed to understand how educators and students play their role as learning 
facilitators and learning centres in this context  (Amran et al., 2021; Corrin et al., 2016). 
Several previous studies have focused on the analytical framework of learning, but attention 
to meaningful learning and skill development in that context has not been sufficient. Existing 
studies lead to emotional-social understanding in learning analytical environments (Noroozi 
et al., 2019), a learning analytics framework to support learning in general (Dey et al., 2018), 
and a learning analytics framework to support adaptive learning to monitor student activities 
(Etemadpour et al., 2020). 
Thus, this study proposes a framework that guides teachers and administrators in education 
in the New Normal, implementing blended learning means supported by learning analytics to 
help students effectively prepare them with the skills needed to match their needs 
individually. This paper aims to propose a self-regulated meaningful analytic learning 
framework that promotes problem-solving skills. 
 
Personalised Learning Analytics in Self-Regulated Learning 
Learning analytics is the measurement, collection, analysis and reporting of data about 
students and their context for understanding and optimising learning and the environment in 
which it occurs (Saqr, 2018). Learning Analytics is a fast-growing research discipline that uses 
insights generated from data analysis to support students and optimise learning processes 
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and learning environments. Learning Analytics is driven by the availability of extensive data 
records on students, the expansion of the big data method revolution, cheaper and faster 
hardware, and the successful implementation of analytics in other domains (Liu & Huang, 
2017). The growth of online learning since the 1990s, particularly in higher education, has 
contributed to learning analytics as student data is available and ready for analysis. 
Personalised learning analytics suggests using intelligent data, student-generated data, and 
analytical models to find information and social relationships to predict and advise one's 
learning (Nguyen et al., 2021). Personalised learning analytics serve as essential functions in 
the learning system. The tool can provide tailored support to the students, covering learning 
guidance, feedback, and learning sources, based on their needs (Abed & Dalbir, 2020; Serban 
& Ioan, 2020). 
Personalised learning analytics support students in the learning process in various ways. First, 
as a generic design framework to monitor the learning process (Vaithilingam et al., 2019). 
A learning curve can function holistically as a framework that can act as a valuable guide for 
completing analytical services to monitor learning performance. This analysis is a practice of 
student education and guidance in quality assurance, curriculum development, and 
improving teachers' effectiveness and efficiency. The structure creates an avenue for the 
students to design their curriculum within the framework developed with inputs from the 
industry. 
Second, as a data-based decision maker to help students grow in the learning progress 
(Pelikan et al., 2021), the broader term "analysis" has been defined as the science of 
examining data to conclude and, when used in decision making, to present a path or direction 
of action. From this perspective, learning analytics appear as a particular case of analytics, 
where decision making aims to enhance learning and education. Throughout the 2010s, these 
analytical definitions have gone further to include elements of operational research such as 
decision trees and strategy maps to define predictive models and determine probabilities for 
specific actions. 
Third, as a data science application. Combined learning analytical models focus on student 
models in learning activities to adapt the student experience individually (Janati et al., 
2019). However, many unresolved problems make it difficult for teachers to obtain 
appropriate information about student behaviour. The evolution of learning analytics 
offers new possibilities for problem-solving through intelligence work figures to monitor and 
manage student performance more effectively. The proposed system architecture prioritises 
databases that respond to these problems. It determines the specifics of learning dimensions 
and magnitudes, which helps educators and instructors to evaluate and analyse student 
activities. Through this interaction analysis, adaptive e-learning analytics can 
provide a predictive perspective on future challenges. These predictions assess the 
adaptation of content presentation and improve the performance of the learning process. 
This analytical learning curve is at the crossroads of three disciplines: data science, learning 
theory and design. In data science, computational methods and techniques aim for data 
collection, pre-processing, analysis, and presentation. Learning theories emerge from 
learning, education, psychology, sociology, and philosophy literature. Model design 
dimensions include learning design, interaction design, and study design. A knowledge model 
needs to be linked to existing educational research so that learning analytics can fulfil its 
promise to understand and optimise learning (Noroozi et al., 2019). 
Fourth, academic monitoring assists students in their learning (Fan et al., 2021). By monitoring 
students' learning and perseverance, the analytics may detect learning behaviours and 
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unwanted emotional states and identify at-risk students in advance. Further, the analytics 
recognise factors that cause student dropouts or retention using predictive 
models. Instructors can take prompt follow-up action and provide appropriate assistance to 
students needing additional support, such as giving guidance, suggesting learning resources, 
and formulating individual learning plans. Students' level of achievement, as well as their 
retention, can be improved. 

 
Fig. 1. Purpose of personalised learning analytics 
 
Self-Regulated Meaningful Learning  
Meaningful learning emphasises giving meaning to the learned concepts and relating them in 
cognitive structure (Vallori, 2014). The benefits of this approach encourage authentic learning 
and the application of learned concepts to the real world (Guimarães et al., 2018; Priniski et 
al., 2018). Learning is self-regulated to develop knowledge and problem-solving (Bakar et al., 
2017; Chuan et al., 2019; Ismail & Groccia, 2018; Yahaya et al., 2020). Meaningful learning 
content is enriched with techniques to apply active, authentic, constructive, cooperative and 
goal-based elements (Fan et al., 2015; Roslinda et al., 2018). Meaningful learning leverages 
the use of technology to implement self-regulated learning (Fox, 2020; Garfield & Ben-zvi, 
2009) as a practical way of obtaining information as almost everything is at your fingertips 
(Gikas & Grant, 2013). 
Thus, learning strategies are focused on deepening the concepts learned and applying them 
in the context of life  (Rosly & Khalid, 2017). Outlined as the primary skills of graduates in the 
job market in 2015 and 2020, problem-solving is considered a requirement t in the context of 
higher learning (Haron, 2018). Problem-solving skills involve identifying essential components 
of the problem, identifying the cause of the problem, publishing important information, and 
submitting suggestions (Maisurah & Bahador, 2012). The aspirations of students in education 
in the New Normal also outlined present technical skills covering problem-solving as learning 
goals (Hussin, 2018; Selamat, 2017). Learning objectives require analytical support of 
learning. Learning analytics involves the process of measuring, generating, analysing and 
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reporting student-related data to understand and improve learning effectiveness (Corrin et 
al., 2016). 
Learning analytics can be a helpful approach due to the various forms of data available for 
that purpose (Munguia et al., 2020). Learning curriculum, learning analytics and learning 
technology should be aligned to ensure the sustainability of education, especially with the 
rapid changes brought about by technology and the tendencies of the younger generation 
(Vaithilingam et al., 2019). 
A meaningful learning framework and learning analytics are needed to support the challenges 
faced by higher education institutions to prepare graduates with the skills required by the 
industry (Selamat, 2017). This framework serves as a guide to implement effective learning in 
education in the New Normal, which emphasises learning development. For example, 
learning analytical frameworks can support learning appropriate to individual students 
(Nguyen et al., 2020), ensure a conducive environment for emotional construction and social 
interaction (Liu & Huang, 2017), and encourage adaptation of learning strategies appropriate 
to student choice activities (Dey et al., 2018). 
Education in the New Normal is the education sector's response to developments in the IR 
4.0 era that integrate human beings and technologies to enable new possibilities aimed at 
effective learning (Hussin, 2018). Flexible learning occurs when learning applications utilise 
augmented reality, visualisation, virtual reality support learning in this era (Hairulliza, Iksan, 
et al., 2018; Majid & Majid, 2018). Although there are many changes to the virtual learning 
environment, Education in the New Normal does not underestimate the learning experience 
but strengthens it by making full use of technology (Thannimalai & Raman, 2018; Xing & 
Marwala, 2017). 
Six patterns in education in the New Normal show the transition of learning centres to 
students and no longer shouldered by instructors (Fisk, 2017). Instructors support the new 
structures without feeling this environment threatens their teaching careers (Hussin, 
2018). The pattern is summarised as follows. 
1. Learning on the go, matched to individual students. 
2. Students have the option of determining how they learn. 
3. Students complete project-based learning. 
4. Students develop learning experiences through visits and collaboration. 
5. Students are exposed to data interpretation and make reasoning skills. 
6. Students are assessed differently based on their skills. 
 
Learning Analytics Design in Self-Regulated Meaningful Learning  
The self-regulated learning cycle contains three primary components: plan, monitor, and 
evaluate (Song & Hill, 2007). These three components allow students to actively interact, 
control their learning environment, and keep track of their progress (Aguila-Gomez, 2016). 
Planning in online learning will enable students to organise knowledge by setting achievable 
goals to manage their own time and task (Pelikan et al., 2021). Students need to monitor their 
progress in online learning, which requires them to decide whether they understand the 
concept correctly and head in the next direction within their learning tasks (Karatas & Arpaci, 
2021). Students may choose various metacognitive strategies to check progress towards goal 
achievement, adjust learning strategies when necessary, mobilise learning resources, 
regulate their motivation and decide the right time to seek help (Viberg et al., 2020). Despite 
the flexibility in managing their learning, students face challenges to keep motivated and do 
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the essential role due to uncertainty in evaluating their understanding and peers' knowledge 
(Song & Hill, 2007). 
The Achievement goal theory conceptualises two types of student motivation orientation in 
self-directed learning (Gielen et al., 2010). First, mastery, which focuses on developing 
personal competence, aims to obtain an individual learning goal. Second, the purpose of 
performance focuses on demonstrating competence over others works externally among 
peers. Learning interventions consist of early warning systems that track students' progress 
to identify whether they are at risk (Viberg et al., 2020). The student advisor or instructor in 
the course can then look at the information provided by the early warning system and act 
accordingly. The results show that the mastery approach decreases over time, indicating that 
the analytical intervention of learning correlates negatively with the mastery approach. To 
increase their success, students need information that helps them track: 

• what is their active participation compared to other students in this course; 

• how successful they are in comparison to other students in this course; 

• whether they adhere to the learning schedule. 
 
Meaningful learning suggests students create a strategy to design and plan their learning 
achievement. With an apparent attempt to focus on students' ability to control their learning 
journey, the learning environment trains students to deal with their role in the learning 
process. The system allows students to track their activities and success rates during learning 
and participate in self-learning evaluation. The goal should be clear and attainable within a 
set period. The course educators have processed each purpose to ensure that these online 
learning objectives are achieved. 
Learning analytics support self-regulated learning in many ways. Learning analytics is driven 
by collecting and analysing footprints left by students. These data help instructors understand 
and optimise the learning process and the environment in which it occurs. To date, learning 
analytics mainly provide feedback to users on the web-based learning interface. The advance 
can support increased awareness and reflection and peer individual performance, suggest 
activities or additional learning content, and impact learning behaviour. For example, 
monitoring the situation in learning activities can motivate students to achieve learning 
goals. This cognitive process reflects as self-monitoring and understanding how to learn. 
In the intended self-regulated learning environment, learning analytics facilitate students' 
adoption of self-directed learning. The proposed platform presents a set of visualised metrics 
that students and educators could filter to monitor their progress compared to their cohort. 
Figure 2 shows the facilities to guide the analysis and suggest how and when the data may 
appear beneficial.  
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Fig. 2. Design of personalised learning analytics in self-regulated meaningful learning 
 
Conclusions 
The research proposes a self-regulated meaningful learning framework to emphasise the 
mapping of active, constructive, authentic, collaborative, and objective learning patterns. The 
customised measures in learning analytics for active or productive learning envision the 
commitment to initiate learning, curiosity, autonomy in a self-controlled manner. Learning 
analytics facilitate the adoption of self-directed learning and are used by students in a set of 
visualised metrics to be integrated with a learning management system to filter students 
learning difficulties. The facility helps educators monitor learning performance and progress 
compared to their cohort. Suggestions to improve monitoring include continuous assessment 
in the beginning, middle and towards the end of the learning stage. 
Unlike the physical learning environment, serious problems arise in education in the New 
Normal. Due to current and drastic changes in the learning environment, learning difficulties 
and situations require attention start from the beginning to be addressed systematically. 
Personalised learning analytics provides the ability to analyse, report, and process 
information produced by individual students. 
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