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Abstract 

This study examines the extent to which the learning orientations identified by student self-

reports and the observation of their online learning events were related to each other and to 

their academic performance. The participants were 322 first-year engineering undergraduates, 

who were enrolled in a blended course. Using students’ self-report on a questionnaire about 

their approaches to learning and perceptions of the blended learning environment, 

‘understanding’ and ‘reproducing’ learning orientations were identified. Using observations 

of student activity online, a Hidden Markov Model and agglomerative sequence clustering 

detected four qualitatively different patterns of online learning orientations. Cross-tabulations 

showed significant and logical associations amongst the learning orientations derived by the 

self-report and observational methods. Significant differences were also consistently found in 

the students’ academic performance across the mid-term and final assessments based on their 

learning orientations detected by both self-report and observational methods, results which 

have important implications for learning research.  
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Introduction 

 University student experiences of learning are becoming increasingly complex 

because of the introduction of learning technologies which require students to move forth and 

back between classroom and online contexts in the pursuit of learning outcomes. This 

increasing complexity means that being able to discern the aspects of successful experiences 

of learning in blended contexts is also becoming more difficult (López-Pérez, López-Pérez, 

& Rodríguez-Ariza, 2011; Wu, Tennyson, & Hsia, 2010). While some research argues that 

learning technologies offer potential to enhance the overall quality of learning experiences 

(Garrison & Kanuka, 2004), the same research also notes that there is significant 

interdependency between the technologies and students’ learning experience when they 

interact with teaching staff and peers face-to-face. University student experiences of blended 

course design combine aspects related to learning spaces (Ellis & Goodyear, 2016), 

approaches to learning (Prosser & Trigwell, 2017), social interactions (Hadwin & Oshige, 

2011), different devices used for engagement (Laurillard, 2013), and a variety of other 

resources available in physical and virtual learning environments (Ellis & Goodyear, 2019). 

In recent years, the areas of educational data mining and learning analytics (Baker & 

Siemens, 2014) have studied how large scale data collection derived from technologies can 

be used to increase the understanding and improvement of the quality of student learning 

experiences (Siemens & Gašević, 2012). Although the area has addressed challenging 

problems in the higher education sector, such as student retention (Dawson, Jovanovic, 

Gašević, & Pardo, 2017), academic success (Tanes, Arnold, King, & Remnet, 2011), social 

presence (Joksimović, Gašević, Kovanović, Riecke, & Hatala, 2015), learning design 

(Tempelaar, Rienties, & Giesbers, 2015), and education policy (Ferguson et al., 2016), 

current approaches and solutions are largely fragmented from educational theory (Gašević, 

Dawson, & Siemens, 2015). There is a tendency in current approaches to rely on empiricism 

rather than to be guided by theoretical perspectives. Left unchecked we will be in danger of 

pursing numbers without being able to contextualise their meaning.  

This disconnection needs to be addressed in the design of research into student 

learning in blended course designs. The student experience of learning is now mediated by a 

wide variety of factors emerging from physical, cognitive, social, material aspects across 

physical and virtual learning spaces, which form types of educational ecologies (Ellis & 

Goodyear, 2019). Understanding which aspects of such ecologies are most responsible for 

quality learning outcomes requires research approaches that are theoretically driven and offer 
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triangulation strategies to confirm outcomes. One approach to achieve this is to combine 

multiple methodologies and data sources to present a more comprehensive picture of student 

learning experiences in blended contexts.  

The study described in this paper is designed to benefit from using both self-report 

evidence of student approaches to, and perceptions of learning; and observed evidence of 

student online activity to increase our understanding of student experiences in blended course 

design. More specifically, the research has two aims: 1) to examine the level of consistency 

between students’ self-report learning orientations from surveys designed using the student 

approaches to learning (SAL) framework (Prosser & Trigwell, 1999; Biggs & Tang, 2011) 

and their observed learning orientations generated from the learning analytics. 2) to 

investigate the relations between students’ learning orientations identified from the self-

report and observational methods and their academic performance. The following section 

reviews the related research in SAL and learning analytics (Baker & Siemens, 2014). 

Literature Review 

Student approaches to learning research 

SAL is a well-recognised research framework into university student learning 

(Pintrich, 2004). It focuses on exploring the factors that distinguish qualitatively different 

student learning experiences that explain student academic performance (Prosser & Trigwell, 

2017). Research in this area mostly uses self-report surveys to examine conceptions, 

approaches, and perceptions in the student experience of learning (Biggs & Tang, 2011; 

Prosser & Trigwell, 1999; Ramsden, 2003). A key outcome from this research is the 

identification of deep and surface approaches to learning, which have logical and robust 

associations between the two and with academic performance (Nelson Laird, Seifert, 

Pascarella, Mayhew, & Blaich, 2014; Trigwell, Ellis, & Han, 2012). This area of research has 

also identified the importance of students’ perceptions of the learning environment, which are 

logically and consistently related to the quality of approaches used by students and the 

learning outcomes they achieve (Entwistle, 2009; Ramsden, 2003). Students’ perceptions of 

high quality and clearly goal-focused teaching tend to be related to using deep approaches, 

and better performance in the course; whereas their perceptions of inappropriate means of 

assessments and teaching that lacks fostering student independence in learning are often 

associated with surface approaches and poorer academic achievement (Lizzio, Wilson, & 

Simons, 2002; Wilson & Fowler, 2005). In blended course designs, students who perceive 

online learning workload is not appropriate and feel disconnected between the face-to-face 
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and online parts of the experience also report the adoption of surface approaches across 

physical and virtual learning environments and have been found to obtain relatively lower 

course marks (Ellis & Bliuc, 2016, 2019; Ellis, Han, & Pardo, 2017; Han & Ellis, 2019a). 

When approaches and perceptions are jointly considered, the outcomes from the SAL 

research have identified ‘understanding’ and ‘reproducing’ learning orientations. An 

‘understanding’ learning orientation is often characterized by a combination of deep 

approaches to learning and positive perceptions of the learning environment; and a 

‘reproducing’ learning orientation predominantly focuses on mechanistically reproducing the 

facts and formulas, adopting surface approaches, and holding negative perceptions of 

learning experience (Ellis, Han, & Pardo, 2019). In this study, SAL methodologies are used 

to identify patterns of students’ self-report learning orientations using a questionnaire. 

Learning analytics research 

The  ubiquitous use of technologies in university programs and courses in the last 

couple of decades has  formed a growing field of research into learning analytics (Baker & 

Seimens, 2014; Knight, Buckingham Shum, & Littleton, 2014; Lockyer, Heathcote, & 

Dawson, 2013; Siemens, 2013). Students’ and teachers’ use of technologies produces trace 

data, which when combined with demographic information of students and teachers, are used 

to infer and describe aspects of the learning and teaching experience. Initially, learning 

analytics was used most prominently to address issues in course attrition (e.g., Arnold, Hall, 

Street, Lafayette, & Pistilli, 2012). The area then expanded to use data and analytics to 

support decision-making in more complex scenarios, including advising students for their 

future career plans (e.g., Bettinger & Baker, 2013), identifying learning strategies (e.g., Chen, 

Resendes, Chai, & Hong, 2017), detecting students at risk of failing a course (e.g., Krumm, 

Waddington, Teasley, & Lonn, 2014), supporting students’ collaborative learning (e.g., 

Kaendler, Wiedmann, Rummel, & Spada, 2015), monitoring students’ affect (e.g., 

Ocumpaugh, Baker, Gowda, Heffernan, & Heffernan, 2014), providing students personalised 

feedback (e.g., Pardo, Jovanović, Dawson, Gasevic, & Mirriahi, 2019), and predicting 

academic success (e.g., Antunes, 2010; Romero, López, Luna, & Ventura, 2013). However, 

despite learning analytics being placed at the intersection of disciplines, such as learning 

sciences, computer science, psychology, and educational research, the published scientific 

work points to the limitations of the research design, which primarily take empirical  

approaches without being much informed by established theoretical frameworks (Long & 

Siemens, 2011; Gašević et al. 2015). If empirical approaches to research are used exclusively, 
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such approaches will produce limited insight into those aspects of the learning experience 

which are most responsible for successful learning. High quality, theory-driven learning 

analytic research can offer actionable ideas to direct pedagogical reforms, to provide 

guidance for better learning design (Buckingham Shum & Crick, 2012), or to enhance student 

experiences and learning outcomes (Ellis & Goodyear, 2013). 

The relationship between empirical research approaches and theory is not only in one 

direction. Some researchers argue that the advancements of learning analytics and the 

development of educational data mining techniques as a matter of empiricism can be used to 

shed light on learning theories when used properly. Learning analytic trace data – records of 

the actual use and strategies adopted by students provide observed evidence, which can be 

used to triangulate self-report evidence (Knight et al., 2014; Lockyer et al., 2013; Rodríguez-

Triana, Martínez-Monés, Asensio-Pérez, & Dimitriadis, 2015).  

Closely related prior research has made initial attempts to combine self-report and 

observed data to explore variables which are able to shed light on students’ academic success. 

For instance, using self-regulated learning theory, two related studies examined how self-

report self-regulated learning strategies and frequency of observed students’ interactions with 

a variety of online resources jointly contributed to their academic performance (Pardo, Han, 

& Ellis, 2016, 2017). The two studies suggest a useful research pathway, revealing that both 

the self-report learning strategies and observed students’ interactions with online learning 

activities explained qualitative variation in student academic performance. Adopting a SAL 

research framework, Ellis et al. (2017) reported that combined self-report and observed 

evidence of students’ engagement  in a blended course design explained a significantly higher 

proportion of variance in qualitatively different academic learning outcomes than just self-

report data alone. While the above studies have demonstrated the benefit of using a 

combination of self-report and observed data sources to explain varying levels of academic 

performance, little is known as to the level of consistency of the learning orientations 

identified by self-report and observed data sources, which is the focus of the current study.   

To examine the coherence, Han and Ellis (2017) used a top-down self-report approach 

to describe students’ perceptions of the blended learning environment and a bottom-up 

emprical approach to record online learning sessions as a proxy for student online learning  

activity. The top-down approach identified two qualitative different groupings of students 

with either relatively more positive and negative perceptions of their blended course. The 

bottom-up empirical approach made a clear distinction of two groups of students who 
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participated more or fewer online learning sessions. Furthermore, the groupings of the 

student population using both top-down and bottom-up approaches were logically associated 

with each other and consistent with the levels of academic success. There were significant 

relations between positive perceptions, more online engagement, and relatively better 

learning outcomes on the one hand; negative perceptions, less online engagement, and poorer 

academic performance on the other hand.  

The current study and the research questions 

The current study extends research into the illuminative value of combining self-

report and observed data about university learning experiences in blended contexts. It 

advances the line of inquiry in three ways. First, the current study examines self-report of 

both approaches and perceptions factors rather than just focusing on the perceptions factor in 

student learning experience to identify their learning orientations. Second, instead of just 

using the aggregated frequency of access online learning activities, the current study uses 

complex algorithms to detect observed learning orientations of students by using the 

sequences of their online learning events when they interact with a variety of online learning 

activities. Third, apart from examining the degree of association between self-report and 

observed learning orientations, an added aim of the current study is to examine the prediction 

of self-report and observed learning orientations as identified in the first half of the semester 

of the course to the academic performance assessed both in the mid-term and at the end of the 

semester. Three groupings of research questions are addressed: 

1a. What are students’ learning orientations identified by their self-report approaches 

to, and perceptions of, learning? 

1b. To what extent do students’ mid-term and final academic performance differ by 

their self-report learning orientations? 

2a. What are students’ learning orientations suggested by their online learning events? 

2b. To what extent do students’ mid-term and final academic performance differ by 

the observed online learning orientations? 

3. To what extent are self-report and observed learning orientations associated? 

Methods 

Participants and the learning context 

The data was collected from 322 undergraduates (aged between 17 and 31, M=19.67, 

SD=2.04) enrolled in a first-year engineering course in a large metropolitan Australian 

research-intensive university. Running over a full semester (13-week), the course was 
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designed as a flipped classroom learning, which is one of forms of blended course design 

(Bergmann & Sams, 2014). In flipped classroom, before class students acquire concepts and 

theories, which are then applied and practiced through interacting with fellow students and 

the teaching staff in the class so that the concepts are clarified and feedback is received. After 

class students reflect upon the feedback to further their learning (Lee, Lim, & Kim, 2017). In 

this blended course, prior to attending the class, students were required to engage with 

reading materials and videos in a bespoke Learning Management System (LMS) to 

understand concepts, such as how computer systems work and principles of designing such 

systems. These concepts were expanded and discussed in-depth during face-to-face lectures 

(2 hours per week). Then in the face-to-face tutorials (2 hours per week) and laboratory 

sessions (3 hours per week), students worked in groups to apply the theoretical principles to 

solve practical problems, like building and configuring an electronic system. After class 

students needed to log onto LMS to practice problem-solving exercises (formative tasks) and 

check their understanding of the key concepts (summative tasks). The LMS also had a 

dashboard to provide the information regarding students’ online engagement. A more 

detailed description of the online component is provided in “Data sources and instruments”. 

Data sources and instruments 

Self-report approaches and perceptions  

Students’ self-report approaches to, and perceptions of learning, were examined using 

a 5-point Likert scale questionnaire, which was designed using the SAL literature (Biggs & 

Tang, 2011; Prosser & Trigwell, 1999), and its validity and reliability were examined in 

previous studies (e.g., Ellis & Bliuc, 2016; Han & Ellis, 2019b). The questionnaire consisted 

of six scales using anchors 1 to 5, with 1 representing ‘strongly disagree’ and 5 indicating 

‘strongly agree’. [insert Table 1, which includes the description of each scale, the number of 

items for each scale, reliability and sample items. 

[insert Table 1 about here]  

Observed online learning events  

An online learning event is defined as students’ interaction with online learning 

activities marked by time stamps in the LMS. The online learning events were collected for 

the first half of the semester from week 2 to week 5. The data from week 1 was excluded as 

this week was for students to confirm their commitment to the whole course. Table 2 listed 

the type of online learning events and their features. 
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[insert Table 2 about here]  

Academic performance 

The academic performance was assessed in the mid-term and at the end of the 

semester. The mid-term assessment conducted in week 6, had a set of 20 multiple-choice 

problem-solving questions on the topics covered in the first 5 weeks of the course. The mid-

term assessment had marks ranging between 4 and 20 (M=13.29, SD=3.50). The final 

assessment included: 1) exercises (5 points); 2) problem-solving tasks for the lab sessions (5 

points); 3) an oral presentation and a written report on the implementation, execution, and 

results of a lab project (20 points); and 4) the final exams (40 points). The final assessment 

ranged between 13 to 69 (M=45.28, SD=10.84). 

Data collection and analysis 

The study was approved by the university ethics committee. Students were informed 

about the voluntary nature of the study and were asked to provide written consent should they 

wish to participate. They were ensured that all the data would be anonymized and used only 

for research purposes. 

To detect students’ self-report learning orientations (research question 1a), we applied 

a hierarchical cluster analysis, which is commonly used in SAL research to identify patterns 

of student learning experience (Prosser, Ramsden, Trigwell, & Martin, 2003). We chose 

Ward’s method due to its ability to maximize the significance of differences between clusters 

at the same time to minimize within-group dispersion (Murtagh & Ledendre, 2014). To 

examine the extent to which students differed in mid-term and final assessments by their self-

report learning orientations (research question 1b), we performed one-way ANOVAs using 

the generated clusters as a grouping variable.  

To detect the patterns of observed online learning orientations (research question 2a), 

we followed the procedures proposed by Fincham, Gasevic, Jovanović, and Pardo (2019) for 

analysing online learning event sequences. We first grouped the online learning events into 

individual study session, which had varying numbers of timestamped online learning events 

with no more than 30 minutes break. Then we employed a Hidden Markov Model (HMM) 

algorithm to derive study sessions into HMM states (i.e., categories). To decide the number 

of HMM states, we consulted the Akaike Information Criterion (AIC) and the Bayesian 

Information Criterion (BIC). This procedure generated a sequence of HMM states arranged 

chronologically from week 2 to 5 for each student. We then applied the agglomerative 

sequence clustering analysis using Ward’s method to analyse the sequences of HMM states 
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because such method is suitable to capture patterns of categorical sequence data (Hastie, 

Tibshirani, & Friedman, 2009; Gabadinho, Ritschard, Mueller, & Studer, 2011). To answer 

research question 2b, we used the HMM clusters as a grouping variable to conduct one-way 

ANOVAs and the post-hoc analyses to examine if students’ mid-term and final academic 

performance differed by their online learning orientations. To answer research question 3, we 

conducted a cross-tabulation between clusters of self-report and observed learning 

orientations to examine the association. 

Results 

Student learning orientations by self-reports  

The results of the cluster analysis and one-way ANOVAs are displayed in Table 3. 

The M scores of the six scales and assessment scores were converted into z-scores (M=0, 

SD=1) to assist interpretation. The values of the Squared Euclidean Distance between clusters 

were used to determine the appropriate number of clusters (Aldenderfer & Blashfiled, 1984). 

The Squared Euclidean Distance measure revealed a relatively large increase in the value of a 

two-cluster solution compared to three-cluster and four-cluster solutions, suggesting a two-

cluster solution was more appropriate. One cluster had 70 students and the other consisted of 

252 students. The results of one-way ANOVAs show that the six scales differed significantly 

between the clusters: deep approaches to learning through inquiry: F(1,321)=78.30, p<.01, 

η2=.20; surface approaches to learning through inquiry: F(1,321)=60.98, p<.01, η2=.16; deep 

approaches to using online learning technologies: F(1,21)=75.46, p<.01, η2=.19; surface 

approaches to using online learning technologies: F(1,321)=113.48, p<.01, η2=.26; 

perceptions of the integrated learning environment: F(1,321)=67.41, p<.01, η2=.17; and 

perceptions of appropriate online workload: F(1,321)=78.06, p<.01, η2=.20. 

The M values in Table 3 suggested that cluster 1 students self-reported a higher score 

on deep approaches to inquiry (M=0.84), deep approaches to using online learning 

technologies (M=0.83), positive perceptions of the integrated learning environment 

(M=0.79), and perceptions of appropriate online workload (M=0.84). These relatively higher 

scores suggested that cluster 1 students reported an ‘understanding’ learning orientation.  In 

contrast, cluster 2 students reported higher scores on surface approaches to inquiry (M=0.21), 

surface approaches to using online learning technologies (M=0.27), and had negative scores 

on perceptions of the integrated learning environment (M=-0.22), and perceptions of 

appropriate online workload (M=-0.23). These students reported a ‘reproducing’ learning 

orientation.  



10 

Mid-term and final assessments by self-report learning orientations  

The one-way ANOVAs results in Table 3 further showed that ‘understanding’ and 

‘reproducing’ students also differed significantly on their performance in the mid-term 

assessment: F(1,321)=14.47, p<.01, η2=.04; and the final assessment: F(1,321)=14.31, p<.01, 

η2=.05. The ‘understanding’ students performed consistently better than the ‘reproducing’ 

students on both the mid-term (‘understanding’:M=0.38; ‘reproducing’:M=-0.12) and final 

assessments (‘understanding’:M=0.39; ‘reproducing’:M =-0.11). 

[insert Table 3 about here] 

Student online learning orientations by observation  

The Hidden Markov Model (HMM) identified three study session states, each of 

which is predominantly characterized by a learning event:  

• Reading state: had study sessions focused only on reading events. Students involved 

in reading states were reading learning materials. 

• Formative state: had study sessions characterised by formative assessment events. 

Students involved in formative states were practicing problem-solving exercises, and 

were occasionally watching videos and viewing the dashboard.  

• Summative state: had study sessions dominated by summative assessment events. 

Students involved in summative states were interacting with key concepts in the 

course. 

Using the above identified three states, an agglomerative sequence clustering analysis 

was performed. To find out the optimal number of clusters, we calculated Average Silhouette 

Width (ASW) to measure the clustering quality for a range of numbers of clusters (2 until 5). 

The four HMM clusters resulted in the highest ASW value, which suggested highest 

between-groups distances and highest intra-group homogeneity (Studer, 2013), hence the 

four HMM clusters were retained. Figure 1 visually presents the four HMM clusters, which 

show that they do not differ much in terms of the involvement in the reading states 

(represented by green). Therefore, the descriptions and labels of the HMM clusters are based 

on differences in the other two states.  

[insert Figure 1 about here] 

• HMM cluster 1 (N=88): students in this cluster had most study sessions (maximum 

sessions=8), of which a high percentage fell into formative and reading states, with 

low percentage being summative states.  
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• HMM cluster 2 (N=121): students in this cluster had the second most study sessions 

(maximum sessions=38), of which a high percentage fell into reading states, 

followed by formative states, with summative states being the lowest. 

• HMM cluster 3 (N=72): students in this cluster had fewer study sessions (maximum 

sessions=24) than students in HMM cluster 1 and 2 had. Apart from the high 

percentage of reading states, the percentages of formative and summative were 

similar and were at a moderate level.  

• HMM cluster 4 (N=41): students in this cluster had the least study sessions (maximum 

sessions=17), of which there was extremely low percentage of formative states and 

moderate summative states.  

Mid-term and final assessments by observed online learning orientations  

The results of the one-way ANOVAs and post-hoc analyses showed that both the 

mid-term: F(3,318)=10.93, p<.01, η2=.09; and final F(3,318)=19.08, p<.01, η2=.15 

assessments differed significantly amongst the four clusters. The results of post-hoc analyses 

are displayed in [insert Table 5 about here] 

4.  

[insert Table 4 about here] 

For the mid-term assessment, HMM cluster 1 students (M=0.37) obtained highest 

scores than the other three clusters, whereas HMM cluster 4 (M=-0.60) scored lowest. But 

there was no significant difference on the exam performance between HMM cluster 2 

(M=0.02) and HMM cluster 3 (M=-0.21). The results of the post-hoc analyses for the final 

assessment exhibited a slightly different pattern. HMM cluster 1 students (M=0.40) still 

scored highest, followed by HMM cluster 2 (M=0.11), who were higher than HMM cluster 3 

(M=-.20). HMM cluster 4 students (M=-0.86) still performed the most poorly amongst the 

four.  

Association between self-report and observed learning orientations 

The results of the cross-tabulation between the clusters generated by self-report and 

observed data are presented in [insert Table 5 about here] 

5. 
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[insert Table 5 about here] 

The cross-tabulation results show that there was a significant association between 

cluster membership generated by self-report and observed data, χ²(3)=7.90, p<.05. [insert 

Table 5 about here] 

 shows that significant differences were found for the proportions of ‘understanding’ 

and ‘reproducing’ students in the HMM cluster 1 (most sessions with high formative and low 

summative states); and HMM cluster 4 (least sessions with low formative and moderate 

summative states). Of HMM cluster 1, there was a significantly higher proportion of 

‘understanding’ students (38.6%) than ‘reproducing’ students (24.2%). On the other hand, of 

HMM cluster 4, there was a significantly lower proportion of ‘understanding’ students 

(5.7%) than ‘reproducing’ students (14.7%).  

Discussion 

The research is replete with studies which argue the merits of different data sources 

used as evidence for explaining academic learning outcomes and improving learning (Chan, 

2009). In this study we combined self-report data from surveys and the observed learning 

analytic data generated in the LMS as a way to examine the validity of the results of the two 

approaches to detecting students’ learning orientations: a theory-driven top-down approach 

and a bottom-up learning analytic approach.   

The top-down approach, which departed from theories in SAL research, was adopted 

to answer research question 1a regarding students’ self-report learning orientations and 1b 

regarding the relations between self-report learning orientations and academic performance. 

On the basis of students’ responses of their approaches to learning and perceptions of the 

blended learning environment in the self-report questionnaire, two clusters of students with 

different learning orientations were clearly identified. The two clusters of students not only 

contrasted with the approaches they adopted in lectures, tutorials, and online. but also with 

how they perceived the integration of the online learning resources and activities into the 

face-to-face teaching and learning, as well as how they thought about the online workload 

required in relation to the course. The results of the two clusters of the students studying in an 

engineering degree were consistent with the previous SAL studies in the disciplines of 

sciences (e.g., Ellis & Bliuc, 2019), business (e.g., Han & Ellis, 2019a), and health sciences 

(e.g., Ellis, 2014).  
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Only around one quarter of students reported an approach to understanding the 

subject matter in-depth and could see how their experience was broadly linked with the 

practical engineering problems and issues. These students also tended to adopt learning 

technologies in a way that was helpful to their learning. They understood the links between 

the online learning materials and activities in the LMS and face-to-face learning; and they 

perceived the online workload for the course was appropriate. These students with the 

‘understanding’ learning orientation also consistently achieved relatively higher academic 

performance across the two assessments in the mid and the end period of the learning.  

Significantly, around three quarters of this cohort of students were identified as 

having a ‘reproducing’ learning orientation, which was characterized by self-reports of 

surface approaches to learning, including the way they used the online learning technologies. 

They perceived the online workload to be heavy; and did not perceive how their online 

activity could strengthen and extend what they had done and understood in class. The 

‘reproducing’ cluster of students performed relatively poorly on both the mid and final 

assessments.  

The research design which adopted the data-driven bottom-up approach, collected the 

observed digital traces (the sequences of online learning events) to provide answers to 

research question 2a on students’ observed online learning orientations, and 2b on the 

relations between the observed online learning orientations and academic performance. The 

HMM algorithms and agglomerative sequence clustering detected four distinct patterns of 

online learning orientations of students, who differed significantly in terms of the levels of 

formative and summative assessment tasks they were engaged in rather than the reading 

activity. In particular, the HMM cluster 1 students, who had the most online study sessions, 

were not involved much in the summative activity, which tested students’ understanding of 

the key concepts through multiple-choice questions. Instead, they tended to focus on 

practising problem-solving sequences, which usually required more commitment and a 

deeper level of learning as the students tried to transform their understanding of the concepts 

into solving practical issues and problems. In contrast, the HMM cluster 4 students, who had 

least study sessions, predominantly practised summative activities but were not engaged 

much in the formative learning activities. Notably, HMM cluster 1 students performed 

academically the highest and HMM cluster 4 students achieved the lowest amongst the four 

groups across the two assessment tasks.  
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The different online learning orientations as represented by the HMM clusters tend to 

corroborate the findings in previous research (Fincham et al., 2019). However, due to relying 

solely on the observed data, Fincham et al. provided limited insights about students’ intent of 

learning behind their actual learning strategies recorded by the LMS. This is a limitation of 

the bottom-up approach to dealing with learning analytic data without much guidance from 

theory (Reimann, Markauskaite, & Bannert, 2014).  

The strength of our research is its ability to consider both students’ self-report intent 

at the same time their learning behaviours being objectively observed. Such complementary 

methodologies not only allowed us to know about what students actually did to learn, but also 

their intent as to why they used them. The results of our cross-tabulation between students’ 

self-report and observed learning orientations showed some logical association. 

 We found that amongst students in HMM cluster 1, a significant proportion of them 

inclined to solve practical exercise sequences but downplayed testing their understanding of 

concepts. These observed strategies were aligned with their self-report approaches that aimed 

to understand subject matter at a deep level by seeking meaning in context and looking for 

connections between the ideas and applications in their learning. Likewise, such alignment 

was also observed amongst a significant proportion of students in HMM cluster 4. Some 

students prioritized testing themselves theories also reported their learning approaches being 

characterized by learning the subject matter formulaically and following textbooks without 

much connections to practical applications of the theories. Our study demonstrated the 

advantage of using a combination of self-report and observed evidence as triangulation over 

those studies which either only used self-report data (e.g., Ellis & Bliuc, 2016, 2019; Ellis et 

al., 2016, 2019; Han & Ellis, 2019a) or observed data to describe students’ learning 

orientations (e.g., Fincham et al., 2019; Jovanović, Gašević, Dawson, Pardo, & Mirriahi, 

2017). 

 The logical association between self-report and observed learning orientations in our 

study corroborated Han and Ellis (2017), which found significant association between 

students’ grouping of self-reporting on positive perceptions of the blended learning 

environment and more online learning sessions tracked by LMS. The advancement of the 

current study is that it utilised more complex algorithms (HMM and agglomerative sequence 

clustering) to identify student online learning orientations. These algorithms not only showed 

study sessions in terms of the quantity, but also revealed the distribution of states involving 

sequences of study session. As indicated by Fincham et al. (2019), the strength of such 
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method is that it “provides researchers with more granular, low-level interpretations of 

students’ behavioral patterns (through analysing the parameters of HMM states)” (p. 68).  

Another merit of the current study is that the learning orientations identified in both 

methods predicted students’ academic performance not only in the mid-term assessment but 

also in the final assessment. Based on the categories of both the self-report and observed 

learning orientations, logical and significant differences were found for students’ 

performance on the mid-term and final the assessment tasks: the ‘understanding’ students and 

the students who were engaged with most study sessions and with more formative assessment 

tasks (HMM cluster 1) tended to achieve relatively better performance. The predictive power 

of the two methods seems to suggest the coherence and consistency of the two methods from 

another angle, demonstrating the validity and usefulness of using both methods to identify 

risk students in the course through their learning orientations. 

Conclusions and Implications 

Methodological implications 

This study employed multiple data sources, namely self-report and observed, and 

employed multiple data analytical methods, including one-way ANOVAs, HMM, 

agglomerative sequence clustering analysis, and cross-tabulation. The multiple data sources 

and multiple methods triangulated with each other and strengthened the power of the 

analyses, presenting a more comprehensive picture of students’ blended learning experience 

than a single data source and single analytic method can offer. The combination of the data 

sources and analytical methods appears to be suitable to tackle the complexity of student 

blended experience, which involves not only students but their interactions with various 

online tools and resources. Hence, the methodology adopted in our study has potential to 

transfer into other similar research which investigates student learning in the blended course 

designs. 

Implications for teaching practice 

The results of our study also have practical implications for teaching and curriculum 

design of the blended courses. The ways to detect students’ learning orientations can be used 

by teaching staff to monitor students’ learning, to identify problematic learning behaviors, 

and to guide students towards more desirable learning experiences through some effective 

intervention strategies. 

The methods for identifying students by using their self-report questionnaire early on 

can help teachers find out those with less desirable approaches and perceptions, and help 
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them improve on these elements in the first few weeks of the course. This can be achieved, 

for instance, by peer modelling through experience sharing by ‘understanding’ students on 

how they understand and approach learning, and how they move between face-to-face and 

online learning. It is also important to help students develop positive perceptions of the 

relatedness of the in-class and online activities. For example, teachers and curriculum 

designers can carefully design learning activities and/or assessments, which closely link 

student experiences of classroom and online. Alternatively, the teaching team can explicitly 

explain to students how the online exercises and the theoretical concepts taught in the 

lectures are related. They can also make it clear about the design and purposes of different 

online learning activities at the beginning of the semester so that students will not ignore 

potentials of them in learning.  

To identify students’ patterns of online learning early in the course is equally 

important in order to help them make right choice and enable them to adopt more appropriate 

approaches to engage with online learning. In addition, by identifying those with desirable 

approaches, perceptions, and online learning strategies, teachers can invite them not only to 

what and how they learn, but more importantly, the intent of using them to achieve learning 

purposes. Through these intervention strategies in the first few weeks in the course, it is 

hoped that those students with less desirable learning orientations (both face-to-face and 

online) can make appropriate and timely adjustments to improve their experience in the 

second half of the course. 

Implications for future research 

Despite various methodological and practical implications this study offers, the study 

is limited in its scope that only focuses on engineering students, future research should be 

conducted in other academic disciplines to test if the consistency of the results are confirmed. 

Furthermore, while the current study adopted SAL as a theoretical framework for the top-

down part of the study, future study may use other established educational models and the 

bottom-up learning analytic methods to examine transferability of such combined 

methodological approach to investigate complex learning experiences of students in 

particular in the context of blended course designs. Furthermore, the observed learning 

orientations examined in the study focused the online part solely, whereas the self-report 

learning orientations were concerned with both the face-to-face and the online components. 

Future research should tease out the face-to-face part by only surveying students’ online 

approaches and perceptions of the online learning. 
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