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This study combined the methods from student approaches to learning and learning analytics 
research by using both self-reported and observational measures to examine the student 
learning experience. It investigated the extent to which reported approaches and perceptions 
and observed online interactions are related to each other and how they contribute to variation 
in academic performance in a blended course design. Correlation analyses showed significant 
pairwise associations between approaches and frequency of the online interaction. A cluster 
analysis identified two groupings of students with different reported learning orientations. 
Based on the reported learning orientations, one-way ANOVAs showed that students with 
understanding orientation reported deep approaches to and positive perceptions of learning. 
The students with understanding orientation also interacted more frequently with the online 
learning tasks and had higher marks than those with reproducing orientation, who reported 
surface approaches and negative perceptions. Regression analyses found that adding the 
observational measures increased 36% of the variance in the academic performance in 
comparison with using self-reported measures alone (6%). The findings suggest using the 
combined methods to explain students’ academic performance in blended course designs not 
only triangulates the results but also strengthens the acuity of the analysis. 
 
Implications for practice or policy: 
 Using combined methods of measuring learning experience offers a relatively more 

comprehensive understanding of learning. 
 Combining self-reported and observational measures to explain students’ academic 

performance not only enables the results to be triangulated but also strengthens the 
acuity of the analysis. 

 To improve student learning in blended course design, teachers should use some 
strategies to move students from a reproducing learning orientation towards an 
understanding orientation and encourage active online participation by highlighting 
the importance of learning online. 

 
Keywords: student approaches to learning research, learning analytics research, self-reported 
measures, observational measures, academic performance, blended course designs 

 
Introduction  
 
Ongoing advances in Internet and computer technology have created new challenges in appraising the 
learning outcomes in university courses (Mestan, 2019). Positive effects have been reported for various 
forms of technology-enhanced learning, such as online tutorials, social networking sites, computer-
supported collaborative learning, web conferencing, webinars, e-portfolio, digital games, simulations and 
virtual worlds (Kurvinen et al., 2020). Widespread online learning is most commonly used in combination 
with co-present face-to-face delivery, resulting in a blended course design, which can be defined as a 
systematic combination of co-present  and technologically mediated interactions between students, teachers 
and learning resources in the pursuit of learning outcomes (Bliuc et al., 2007). In such designs, the learning 
experienced by students differs from that in solely face-to-face contexts, as the course activities require 
students to constantly move back and forth between physical and virtual spaces and to actively seek to 
understand how different components are related to and complementary with each other (Han & Ellis, 
2020). This not only creates new ways of conceptualising but also requires new ways of assessing student 
learning experience (Iskander et al., 2010).  
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Research into experiences of student learning in higher education tends to be primarily based on either self-
reported measures or observational evidence. Each approach has attracted some criticisms. The two sources 
of data are rarely combined into integrated research methodologies, which allow a type of triangulation and 
elaboration of the findings. Driven by the idea that the unit of research into university learning is 
increasingly a combination of people and technologies, this study combined self-reported methods in 
student approaches to learning (SAL) research (Trigwell & Prosser, 2020) and observational methods in 
learning analytics research (Buckingham Shum & Crick, 2012). To be more specific, the study involved 
335 first-year computer science students in an Australian university and examined (a) the associations 
between students’ self-reported measures (approaches and perceptions) and observational measures 
(interaction with the online learning tasks) of their learning experience and academic performance; and (b) 
the contributions of self-reported and observational measures to the overall academic performance.  
 
In the following section, we review relevant studies in SAL and learning analytics research and then outline 
research that has adopted a combined approach using self-reported and observational evidence. 
 
Literature review 
 
SAL research 
 
SAL research is a well-recognised, research-based framework for describing experiences of student 
learning and explaining variation in learning outcomes in higher education (Biggs & Tang, 2011). This area 
of research has systematically identified key elements that explain why some students are more successful 
than others. SAL researchers have used interviews, open-ended questionnaires or Likert-scale 
questionnaires to investigate topics such as how students go about learning (approaches to learning), how 
they perceive learning (perceptions of learning) and how these elements are related to each other and to 
student learning outcomes (Trigwell & Prosser, 2020).  
 
Across a range of academic disciplines, two broad categories of approaches have been found: deep and 
surface approaches. Deep approaches to learning, which are directed towards meaningful understanding of 
the subject matter, have features of being proactive, engaging and reflective. They focus on the critical 
aspects of the object of study in context (Marton, 2014). In contrast, surface approaches, which tend to be 
formulaic and mechanistic and to rely heavily on the teaching staff and other students, seek outcomes such 
as simply fulfilling course requirements and passing exams (Nelson Laird et al., 2014). Students’ 
approaches to learning have been found to relate to their perceptions of the learning and teaching 
environment, confirming that a student’s approach to learning is likely to vary in different learning contexts 
(Entwistle, 2009). Research has reported that deep approaches are positively related to students’ perceptions 
of high-quality teaching, clear teaching goals and teachers’ encouragement of independence in learning 
(positive perceptions), whereas surface approaches are linked with perceptions of inappropriate workload 
and the mismatch between assessment tasks and learning objectives (negative perceptions). In addition, 
positive relations have been observed between deep approaches, positive perceptions and relatively better 
academic performance; and between surface approaches, negative perceptions and relatively poorer 
academic performance (Lizzio et al., 2002; Wilson et al., 1997).  
 
In blended course design, students’ perceptions of the blended learning environment, the approaches they 
adopt in both face-to-face and online components of the course and their academic learning outcomes have 
also been shown to be related. Students who report perceiving an integration between face-to-face and 
online learning and perceiving the online workload to be appropriate also report using deep approaches to 
learning and to using online learning technologies. They also tent to achieve a relatively higher level of 
academic performance. In contrast, those who do not perceive how online learning is integrated into the 
course design tend to adopt surface approaches to learning and to using online learning technologies and 
obtain relatively poor outcomes in the course (Ellis & Bliuc, 2016). While self-reported measures in SAL 
research are an important means for understanding students’ reported cognitions in learning, such 
assessments largely represent how students believe what they experience when learning, based on only one 
category of data. To more comprehensively assess experiences of student learning, this study offers a more 
robust methodology by extending the investigative lens to include observational methods commonly used 
in the learning analytics research.  
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Learning analytics research 
 
The increase in the use of educational technology and the emphasis on the capacity to collect detailed data 
of student interactions in experiences of learning has led to the widespread adoption of digital traces created 
online by learners in learning management systems (LMSs) and the like (Baker & Siemens, 2014). The 
large amount of digital traces of students’ online learning, known as observational measures (Pardo et al., 
2017), including frequencies, durations and time-stamped sequences of students’ interaction with various 
online learning tasks and tools, can be stored and retrieved from LMSs (Lockyer et al., 2013). With the 
assistance of sophisticated data mining techniques and algorithms, when combined with additional datasets, 
such as students’ demographic information, the digital traces and logs can be used to increase our 
understanding of student experiences of learning and to improve the quality of such experiences (Siemens 
& Gašević, 2012). This recognition has contributed to an emerging research area known as learning 
analytics, which is placed at the intersection of a number of disciplines, such as learning sciences, computer 
science, psychology and business intelligence (Baker & Siemens, 2014). The outcomes of this area of 
research are used to predict attrition and retention in learning (Dawson et al., 2017), advise students for 
careers and employability (Bettinger & Baker, 2013), detect at-risk students early on in courses and study 
programmes (Krumm et al., 2014), describe study strategies and tactics (Jovanović et al., 2017), find out 
students’ online collaborative patterns (Kaendler et al., 2015), offer feedback about learning (Tanes et al., 
2011), monitor students’ emotions and affect in learning (Ocumpaugh et al., 2014), assist learning design 
(Rienties & Toetenel, 2016), inform decision-making processes and educational policy (Ferguson et al., 
2016) and most often to explain students’ academic performance (Jovanović et al., 2017).  
 
Despite the wide use of learning analytics in addressing the above-mentioned challenges in education and 
the results it has produced, researchers have pointed out that only a limited number of learning analytics 
studies take into account theoretically established educational theories, with the majority of the published 
work primarily taking empirical approaches to research design (Boyd & Crawford, 2012). This has limited 
its potential to produce insightful ideas of students’ intentions underlying their behaviours and strategies 
and to precisely locate problems in learning, as well as generate actionable knowledge to enhance student 
experiences and learning outcomes (Long & Siemens, 2011). To improve the insights, learning analytics 
research should be well grounded in educational theories and employ complementary methods, such as 
self-report. Through a combination of methods and data sources, a more comprehensive understanding of 
the phenomenon under study can be produced, and the research results will become more robust when 
interpreting patterns and trends in the data in order to understand experiences of learning and academic 
learning outcomes (Han et al., 2020). 
 
Combining self-reported and observational measures to understand learning experience  
 
Although the self-reported methods used in SAL research have been criticised for lacking objectivity in 
their ability to represent how students learn in reality, observational measures in learning analytics research 
are typically not able to reveal the intent underlying student learning (Han et al., 2020). Buckingham Shum 
and Crick (2012) also pointed out that relying solely on empirical methods without theoretical guidance 
offers limited useful information for locating learning problems and guiding pedagogical reforms and 
learning designs. 
 
To address these challenges, recent research has combined self-reported and observational methods to 
investigate the experiences of student learning in blended course designs (Ellis et al., 2017; Pardo et al., 
2017). For instance, using self-reported data from questionnaires and observational data from digital 
footprints of students in LMSs, Han and Ellis (2017) found, on the one hand, students’ self-reported positive 
perceptions of the course learning environment were related to higher online participation rates indicated 
by the frequency of  online learning events (the number of times a student used an online tool) and higher 
course marks; and on the other hand, negative perceptions of the learning environment were related to lower 
online participation rates and relatively lower levels of academic performance as measured by course 
marks.  
 
In a more recent study, self-reported approaches and perceptions in the learning environment were 
complemented by observational data, which were the digital traces of students’ learning technologies in 
their online learning (Han et al., 2020). The self-reported measures identified understanding and 
reproducing learning orientations. Using a hidden Markov model and agglomerative sequence clustering, 
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the digital trace data observed four types of learning orientations, which differed mainly on the percentage 
of summative and formative learning activities with which the students were engaged. Significant 
associations were found between the learning orientations detected by the self-reported and observational 
measures respectively. Students reporting an understanding learning orientation tended to engage in more 
formative learning activities than those reporting a reproducing orientation.  
 
As to whether self-reported and observational measures uniquely explain differences in students’ academic 
performance, there is considerable contestation in the literature. Some research has reported that adding 
observational measures can increase a large variance explained in students’ learning performance more so 
than by using only self-reported measures (Ellis et al., 2017; Pardo et al., 2017). Other studies have found 
that after introducing observational measures, self-reported measures either contributed only indirectly to 
the learning outcomes via the observed online interaction (Pardo et al., 2016) or their contribution was non-
significant (Tempelaar et al., 2015). For instance, in a large-scale study of 151 online learning modules 
involving 11,256 students, the regression analyses showed that students’ duration of online engagement 
explained 11% of variance of students’ retention of the programmes, which was used as an indicator of 
their academic performance, whereas their self-reported satisfaction of the modules was a non-significant 
predictor (Tempelaar et al.). Clearly further research is required to investigate if self-reported and 
observational measures offer complementary information for explaining students’ academic performance.  
 
To add to prior research by testing the associations among self-reported and observational sources of data, 
this study addressed the following research questions: 
 

(1) What are the associations amongst self-reported (approaches and perceptions) and observational 
(interaction with the online learning tasks) measures of students’ learning experience and their 
academic performance?  

(2) To what extent do self-reported (approaches and perceptions) and observational (interaction with 
the online learning tasks) measures of students’ learning experience (the independent variables) 
contribute to their academic performance (the dependent variable)? 

 
Method 
 
Recruitment and participants  
 
We recruited the participants from first-year undergraduates who were enrolled in a foundational computer 
science course in a large research-intensive Australian university. We strictly followed the ethical 
requirements of the institution. Before the study, we explained to the students the research purpose, the 
voluntary nature of participation, and the essential written consent to invite participation. A total of 335 out 
of 365 students returned written consent forms and agreed to participate. Their ages were between 17 and 
31 (M = 19.66, SD = 2.05). 
 
The research context  
 
The course was semester-long and compulsory. The course delivered topics for operating and designing 
digital computers, such as computer architecture, central processing unit, digital logic design, machine 
language, microprocessor assembly language, the Internet and servers. A major aim of the course was to 
enhance students’ ability to learning through inquiry into contemporary issues in computing engineering. 
The course was designed using the flipped approach, in which “students begin to learn the course subject 
by themselves and complete pre-class activities by benefitting from computer technologies in order to take 
the advantage of active in-class tasks efficiently” (Ozudogru & Aksu, 2020, p. 28). Building on these 
principles, the course comprised both face-to-face and online learning components. The face-to-face 
component consisted of face-to-face lectures (2 hours/week), tutorials (2 hours/week) and laboratory 
practice (3 hours/week). The lectures covered the key concepts and their links to practical issues. Tutorials 
offered students opportunities to work in collaboration to discuss questions related to the key concepts and 
their applications in real contexts. In the laboratory practice, students had to solve problem sequences and 
work collaboratively on a pre-agreed project. The online learning component was self-paced independent 
study in a bespoke LMS, which held a range of learning materials: learning resources, study kit, exercise 
sequences, multiple-choice questions and multiple-choice questions embedded in videos. The multiple-
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choice questions tested students’ understanding of theoretical concepts, whereas the multiple-choice 
questions embedded in videos tested students’ abilities to apply theories into practice. 
 
Measures and instruments  
 
The study used self-reported and observational measures of student learning experience as well as their 
academic performance.  
 
Self-reported measures 
We used a questionnaire consisting of six 5-point Likert scales (1 = strongly disagree, 5 = strongly agree) 
to collect self-reported measures. We developed the scales using the literature in SAL research (Biggs & 
Tang, 2011; Wilson et al., 1997) and used them in studies in blended learning contexts (Han & Ellis, 2020). 
The six scales are: 
 

 Deep approaches to learning through inquiry (4 items, α = .68): describe approaches to learning 
through inquiry being characterised by taking initiatives, being proactive, and involving reflection 
(e.g., “I often pursue independent pathways when researching something”). 

 Surface approaches to learning through inquiry (7 items, α = .68): involve approaches to inquiry 
that are formulaic, highly dependent upon teaching staff, and without much reflection of the 
learning (e.g., “I only use the directions my teacher gives me when researching something for a 
task”). 

 Deep approaches to using online learning technologies (6 items, α = .74): reflect that using 
technologies in learning in a meaningful way, such as assisting inquiry, deepening understanding 
of the concepts, and developing essential skills (e.g., “I find I use the learning technologies in this 
course to further my research into a topic”).  

 Surface approaches to using online learning technologies (5 items, α = .76): limit using learning 
technologies and use them only to satisfy course requirements (e.g., “I only use the online learning 
technologies in this course to fulfil course requirements”). 

 Perceptions of the integrated learning environment (7 items, α = .86): assess students’ perceptions 
of the level of integration between face-to-face and online components (e.g., “The ideas we 
reviewed online helped with the assessment of the course”).  

 Perceptions of the online workload (6 items, α = .77): evaluate students’ perceptions of level of 
appropriate amount of work required for online learning (e.g., “The workload for the online 
activities was too heavy”) (negatively worded).  

 
Observational measures 
The observational measures were captured using the learning analytic algorithms designed by the course 
convener, which recorded the frequency of students’ online interactions with different learning activities in 
the LMS: 
 

 The learning resources directed students to an overview of compulsory and supplementary course 
materials, including files, videos, links to webpages, which were categorized by different topics 
covered in the course. 

 The study kit provided students with tools to organise online learning activities according to their 
ratings of the confidence and their perceptions of the level of easiness. This allowed students to 
place the activities under one of four tabs (confident/easy, confident/challenging, 
unconfident/easy, unconfident/challenging) for them to review and to access activities quickly.  

 The exercise sequences required students to solve and provide answers to a sequence of practical 
questions in mini-case studies based on different topics.  The exercise sequences recorded student 
responses as either correct or incorrect. 

 Multiple-choice questions assessed students’ understanding of concepts in the course formatively. 
Apart from providing answers, an option for showing the answer without attempting the question 
was also built in. Hence, students’ interactions with the multiple-choice questions were recorded 
as one of the following: a correct response, an incorrect response and showing the answer.              
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 Multiple-choice questions embedded in videos enabled students to view videos which covered 
issues and practice procedures in computer system design. Formative quizzes were embedded in 
the videos to test students’ understanding of the video contents. Similar to the method adopted for 
the multiple-choice questions, students’ interactions were also recorded as one of the three: a 
correct answer, an incorrect answer and showing the answer. 

 
Academic performance  
Students’ course marks were used as an indicator of their academic performance in the course. The course 
marks were made up of scores of the following assessment tasks: timely submission of preparation online 
learning tasks before each lecture and tutorial (5%); actively involved in the discussions in the tutorials 
(5%); four laboratory reports submission on problem-solving tasks in the laboratory practice (5%); an oral 
presentation, a written report and a demonstration of the implementation of the computer design project in 
the laboratory (15%); closed-book mid-term examination (20%) and final (40%) examination. Students’ 
academic performance ranged from 25 to 98 out of 100 (M = 67.28, SD = 14.43).   
 
Data collection and analysis 
 
The collection of the self-reported measures took place in one of laboratory sessions in the 12th week of 
the semester. The questionnaire completion took approximately 15 minutes. The collection of the 
observational measures and academic performance data were at the end of the semester. In order to answer 
the first research question, which concerns the associations between self-reported and observational 
measures of students’ learning experience and their academic performance, correlation analyses were 
conducted to examine the pairwise associations amongst variables. Then, a hierarchical cluster analysis 
using the self-reported measures was conducted. Based on the cluster membership, one-way ANOVAs 
were performed to investigate if the observational measures and course marks differed by the clusters. To 
provide an answer to the second research question, which sought to understand the contributions of self-
reported and observational measures of students’ learning experience (i.e., the independent variables) to 
their academic performance (i.e., the dependent variable), two regression models were constructed. The 
first model included only self-reported measures, whereas in the second model, the academic performance 
was regressed on both self-reported and observational measures. 
  
Results 
 
Results of the first research question – the associations amongst the self-reported and 
observational measures of students’ learning experience and their academic performance  
 
Results of correlation analyses, hierarchical cluster analysis and one-way ANOVAs were used to answer 
the first research question. 
 
Results of correlation analyses 
The results of correlation analyses are presented in Table 1. It shows that frequency to access to study kit 
was negatively related to the surface approaches to using online learning technologies (r = -.12, p < .05), 
which also negatively associated with frequency of correctly answered multiple-choice questions embedded 
in videos (r = -.12, p < .05). The frequency of incorrectly answered exercise sequences had a positive 
association with the surface approaches to learning through inquiry (r = .13, p < .05) but a negative 
association with the deep approaches to learning through inquiry (r = -.12, p < .05) and perceptions of the 
online workload (r = -.17, p < .01). The frequency of multiple-choice questions with showing the answer 
positively correlated with perceptions of the integrated learning environment (r = .14, p < .05) but 
negatively associated with perceptions of the online workload (r = -.12, p < .05).  
 
Between self-reported measures and academic performance, while the course mark had a negative 
association with surface approaches to using online learning technologies (r = -.11, p < .05), it had a positive 
correlation with perceptions of the integrated learning environment (r = .14, p < .01) and the online 
workload (r = .20, p < .01). Between observational measures and performance, we found that the course 
mark was positively related to learning resources (r = .41, p < .01), study kit (r = .26, p < .01), frequency 
of correctly answered exercise sequences (r = .38, p < .01), frequency of correctly answered multiple-choice 
questions (r = .30, p < .01) and frequency of correctly answered multiple-choice questions embedded in 
videos (r = .30, p < .01), whereas it was negatively related to frequency of incorrectly answered exercise 
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sequences (r = -.16, p < .01). In general, we found that the correlation coefficients between observational 
learning experience and academic performance were stronger than those between self-reported learning 
experience and performance. 
 
Table 1 
Results of correlation analyses 
Variables 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

Self-reported measures 
1 DAI -.14** .35** -.09 .25** .06 -.04 .03 -.04 -.12* -.07 -.13* -.06 -.05 -.09 -.03 .07 
2 SAI --- .01 .56** -.06 -.23** .04 -.09 -.01 .13* -.09 -.06 .03 -.02 .01 .08 -.10 
3 DAT --- --- -.12* .50** .05 .02 .09 .06 .02 -.03 -.05 .04 .02 .03 .06 .03 
4 SAT --- --- --- -.23** -.33** .00 -.12* -.04 .10 -.08 -.01 .06 -.12* -.08 .01 -.11* 
5 INTER --- --- --- --- .15** .05 -.09 .11 -.05 .09 .01 .14** .04 -.01 .06 .14** 
6 POW --- --- --- --- --- -.03 .09 .02 -.17** .02 -.02 -.12* .02 .00 -.10 .20** 

Observational measures 
7 LR --- --- --- --- --- --- .26** .60** .23** .60** .45** .24** .64** .47** .29** .41** 
8 SK --- --- --- --- --- --- --- .20** 0 .16** .14* -.01 .30** .26** .09 .26** 
9 ES_C --- --- --- --- --- --- --- --- .53** .65** .55** .10 .71** .60** .16** .38** 
10 ES_I --- --- --- --- --- --- --- --- --- .26** .43** .22** .26** .43** .25** -.16** 
11 MCQ_C --- --- --- --- --- --- --- --- --- --- .88** .24** .65** .53** .00 .30** 
12 MCQ_I --- --- --- --- --- --- --- --- --- --- --- .25** .53** .61** -.02 .09 
13 MCQ_S --- --- --- --- --- --- --- --- --- --- --- --- .02 -.03 .52** .01 
14 VMCQ_C --- --- --- --- --- --- --- --- --- --- --- --- --- .87** .32** .30** 
15 VMCQ_I --- --- --- --- --- --- --- --- --- --- --- --- --- --- .27** .10 
16 VMCQ_S --- --- --- --- --- --- --- --- --- --- --- --- --- --- --- -.02 

Academic performance 
17 CM --- --- --- --- --- --- --- --- --- --- --- --- --- --- --- --- 
Note. DAI = deep approaches to learning through inquiry, SAI = surface approaches to learning through inquiry, DAT 
= deep approaches to using online learning technologies, SAT = surface approaches to using online learning 
technologies, INTER = perceptions of the integrated learning environment, POW = perceptions of the online workload, 
LR = learning resources, SK = study kit, ES_C = correctly answered exercise sequences, ES_I = incorrectly answered 
exercise sequences, MCQ_C = correctly answered multiple-choice question, MCQ_I = incorrectly answered multiple-
choice question, MCQ_S = multiple-choice question with showing the answer, VMCQ_C = correctly answered 
multiple-choice questions embedded in videos, VMCQ_I = incorrectly answered multiple-choice questions embedded 
in videos, VMCQ_S =  multiple-choice questions embedded in videos with showing the answer, and CM = course 
marks. 
**p < .01, *p < .05. 
 
Results of the hierarchical cluster analysis and one-way ANOVAs 
To facilitate interpretation, we converted the means of the six scales into z scores (M = 0, SD = 1). We used 
z scores in the hierarchical cluster analysis with Ward’s method. Based on the increasing value of the 
squared Euclidean distance between clusters, we retained a two-cluster solution with Cluster 1 having 115 
students and Cluster 2 having 220 students. We then applied one-way ANOVAs to examine if self-reported 
and observational learning experience and academic performance differed between the clusters. Because 
there were sub-categories within frequency of access to exercise sequences, multiple-choice questions and 
multiple-choice questions embedded in videos, we first calculated the percentages of sub-categories 
(correctly answered, incorrectly answered and showing the answer), which we then used in the one-way 
ANOVAs. The results of one-way ANOVAs based on cluster membership are displayed in Table 2. 
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Table 2 
Results of one-way ANOVAs based on cluster membership  

Measures 1 understanding (n = 115) 
M           SD 

2 reproducing (n = 220) 
M           SD 

F p η2 
    

Self-reported measures 
DAI 0.55 0.77 -0.29 0.99   .00 .16 
SAI -0.65 0.69 0.35 0.96 97.63 .00 .23 
DAT 0.62 0.70 -0.34 0.98 87.04 .00 .21 
SAT -0.73 0.75 0.38 0.90 128.34 .00 .28 
INTER 0.66 0.67 -0.36 0.97 100.70 .00 .23 
POW 0.56 1.00 -0.27 0.88 61.12 .00 .16 

Observational measures 
LR 897.01 379.36 892.34 507.14 0.01 .93 .00 
SK 32.44 36.59 28.86 29.33 0.86 .36 .00 
ES_C 50.90% 13.53% 45.00% 12.33% 16.16 .00 .05 
ES_I 49.10% 13.53% 55.00% 12.33% 16.16 .00 .05 
MCQ_C 56.74% 12.09% 53.62% 11.37% 5.34 .02 .02 
MCQ_I 31.32% 7.35% 32.41% 8.44% 1.33 .25 .00 
MCQ_S 11.94% 10.47% 13.98% 10.88% 2.66 .10 .01 
VMCQ_C 54.40% 13.06% 49.56% 12.20% 10.59 .00 .03 
VMCQ_I 33.46% 10.25% 35.15% 8.81% 2.33 .13 .01 
VMCQ_S 12.14% 10.82% 15.29% 12.57% 4.86 .03 .02 

Academic performance 
CM 70.55 14.10 65.57 14.33 9.22 .00  .03 

Note: DAI = deep approaches to learning through inquiry, SAI = surface approaches to learning through inquiry, DAT 
= deep approaches to using online learning technologies, SAT = surface approaches to using online learning 
technologies, INTER = perceptions of the integrated learning environment, POW = perceptions of the online workload, 
LR = learning resources, SK = study kit, ES_C = correctly answered exercise sequences, ES_I = incorrectly answered 
exercise sequences, MCQ_C = correctly answered multiple-choice question, MCQ_I = incorrectly answered multiple-
choice question, MCQ_S = multiple-choice question with showing the answer, VMCQ_C = correctly answered 
multiple-choice questions embedded in videos, VMCQ_I = incorrectly answered multiple-choice questions embedded 
in videos, VMCQ_S =  multiple-choice questions embedded in videos with showing the answer, and CM = course 
marks. 
**p < .01, *p < .05. 
 
The results of one-way ANOVAs show that all the self-reported measures of learning experience 
significantly differed between the two clusters: deep approaches to learning through inquiry: F(1, 334) = 
63.10, p < .01, η2 = .16; surface approaches to learning through inquiry: F(1, 334) = 97.63, p < .01, η2 = 
.23; deep approaches to using online learning technologies: F(1, 334) = 87.04, p < .01, η2 = .21; surface 
approaches to using online learning technologies: F(1, 334) = 128.34, p < .01, η2 = .28; perceptions of the 
integrated blended learning environment: F(1, 334) = 100.70, p < .01, η2 = .23; and perceptions of the online 
workload: F(1, 334) = 61.12, p < .01, η2 = .16.  
 
Compared with the 220 students in Cluster 2, the 115 students in Cluster 1 reported adopting deep 
approaches to learning through inquiry (M = 0.55), deep approaches to using online learning technologies 
(M = 0.62), positive perceptions of the integration between face-to-face and online components (M = 0.66) 
and perceiving the amount of online work required in the course to be appropriate (M = 0.56). In contrast, 
the Cluster 2 students reported surface approaches to learning through inquiry (M = 0.35), surface 
approaches to using online learning technologies (M = 0.38) and holding more negative perceptions of the 
integrated learning environments (M = -0.36) and the online workload (M = -0.27) than the Cluster 1 
students.  
 
From the patterns of the self-reported approaches and perceptions, Cluster 1 students’ experience appeared 
to be oriented towards gaining a deep understanding of the subject matter through adopting deep approaches 
to inquiry, using technologies in learning and holding positive perceptions of the learning environment. 
The positive associations amongst these variables reported by the students in Custer 1 are referred to as this 
group reporting an understanding learning orientation, whereas Cluster 2 students were categorised as 
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reporting a reproducing learning orientation, characterised by surface approaches to inquiry and learning 
technologies and negative perceptions of the learning environment. 
 
For the observed interaction with the online learning tasks, one-way ANOVAs showed the majority of the 
measures differed between the two clusters: percentage of frequency of correctly answered exercise 
sequences, F(1, 334) = 16.16, p < .01, η2 = .05; percentage of frequency of incorrectly answered exercise 
sequences, F(1, 334) = 16.16,  p< .01, η2 = .05; percentage of frequency of correctly answered multiple-
choice questions, F(1, 334) = 5.34, p < .05, η2  = .02; percentage of frequency of correctly answered 
multiple-choice questions embedded in videos, F(1, 334) = 10.59, p < .01, η2 = .03; and percentage of 
frequency of multiple-choice questions embedded in videos with showing the answer, F(1, 334) = 4.86, p 
< .05, η2 = .02. Understanding students were observed to have relatively higher percentage of correctly 
answered exercise sequences, correctly answered multiple-choice questions and correctly answered 
multiple-choice questions embedded in videos, whereas reproducing students were observed to have a 
relatively higher percentage of incorrectly answered exercise sequences and percentage of multiple-choice 
questions embedded in videos with showing the answer. Furthermore, understanding and reproducing 
students also differed in terms of the academic performance in the course F(1, 334) = 9.22, p < .01, η2 = 
.03, with understanding students (M = 70.55) obtaining higher course marks than reproducing students (M 
= 66.57). These results demonstrate that the self-reported and observational measures of students’ learning 
experience and their academic performance were aligned with each other. Using the criteria provided by 
Cohen (1988), we found that all the values of the effect size for the self-reported measures were large, 
whereas those values of the effect size for the observational measures as well as students’ academic 
performance were small. Such results were understandable, as the population sample was clustered based 
on the self-reported measures rather than the observational measures or the academic performance. 
 
Results of the second research question – contributions of the self-reported and 
observational measures of students’ learning experience to their academic performance 
 
To examine the benefit of combining self-reported and observational variables in explaining academic 
performance, we constructed two regression models: in the first regression model, we only used self-
reported measures to examine the contribution to the academic performance, because past research has 
consistently shown that the prediction of approaches and perceptions to the academic performance (Ellis et 
al., 2017; Trigwell et al., 2012). Observing that the three variables – surface approaches to using online 
learning technologies, perceptions of the integrated learning environment and perceptions of the online 
workload – had significant correlations with the academic performance (see Table 1), we entered the three 
variables into the first regression equation. In the second regression model, apart from the three self-
reported variables, we added the observational variables which were significantly correlated with the 
academic performance (i.e., learning resources, study kit, frequency of correctly answered exercise 
sequences, frequency of incorrectly answered exercise sequences, frequency of correctly answered 
multiple-choice questions and frequency of correctly answered multiple-choice questions embedded in 
videos). The results of the hierarchical regression analyses are presented in Table 3. 
 
Table 3 shows that the first regression model explained around 6% of the variation in the academic 
performance, and this effect was rather small (F(3, 332) = 5.77, p < .01, f2 = .06). Of the three predictors, 
only perceptions of the online workload made a significant contribution to academic performance (β = 2.96, 
p < .01). In the second regression model, introducing the six observational variables explained an additional 
36% of the variation in academic performance, and this R² change was significant (F(6, 349) = 30.57, p < 
.01, f2 = .56). The second regression model demonstrates that in addition to the significant contribution 
made by perceptions of the online workload (β = .12, p < .01), frequency of access to the learning resources 
(β = .22, p < .01), frequency of access to the study kit (β = .13, p < .05), frequency of correctly answered 
exercise sequences (β = .65, p < .01) and frequency of incorrectly answered exercise sequences (β = .55, p 
< .01) were additional significant predictors of academic performance. Altogether the self-reported and 
observational measures of students’ learning experience had a large effect in explaining the academic 
performance and they accounted for approximately 42% of the variance in academic performance (F(9, 
346) = 23.52, p < .01,  f2 = .72).   
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Table 3 
Results of the hierarchical regression analyses 
Measures B SE B β t adjusted R2 ∆R2 p f2 
Model 1     .06** ---   
SAT 1.13 -.05 -0.79 1.13   .43 .06 
INTER 1.21 .10 1.65 1.21   .10  
POW 1.17 .18 2.96 1.17   .00  
Model 2      .36**  .56 
     .42**   .72 
SAT 0.12 .90 0.01 0.14   .89  
INTER 0.86 .97 0.04 0.89   .38  
POW 2.27 .93 0.12 2.46   .02  
LR 0.01 .00 0.22 3.41   .00  
SK 0.06 .02 0.13 2.60   .01  
ES_C 0.04 .01 0.61 7.45   .00  
ES_I -0.04 .01 -0.55 -9.60   .00  
MCQ_C -0.01 .01 -0.08 -1.12   .26  
VMCQ_C -0.02 .01 -0.10 -1.31   .19  
Note. SAT = surface approaches to using online learning technologies, INTER = perceptions of the integrated learning 
environment, POW = perceptions of the online workload, LR = learning resources, SK = study kit, ES_C = correctly 
answered exercise sequences, ES_I = incorrectly answered exercise sequences, MCQ_C = correctly answered multiple-
choice question, and VMCQ_C = correctly answered multiple-choice questions embedded in videos. 
**p < .01. 
 
Discussion  
 
The current study investigated the associations between undergraduates’ self-reported approaches to 
learning, approaches to using online learning technologies, perceptions of the blended learning 
environment, observed frequency of students’ interaction with online learning tasks recorded by the LMS 
and their academic performance in a blended course design. It also examined the extent to which the self-
reported and observational measures jointly contributed to students’ academic performance.  
 
The association between students’ learning experience and their academic performance  
 
The associations across the self-reported and observational sources of data arising in the same experience 
of learning aligned with each other. The results concerning the pairwise associations of the self-reported 
approaches and perceptions were consistent with previous findings in SAL research (e.g., Ellis & Bliuc, 
2016; Trigwell et al., 2012). The identification of the two clusters of students also confirmed the existence 
of understanding and reproducing learning orientations, which clearly distinguished how learning through 
inquiry and using online learning technologies were approached and how these elements were perceived in 
terms of their integration (Ellis et al., 2007; Han et al., 2020). The pairwise associations between students’ 
self-reported approaches and perceptions and the frequencies of their online participation are also 
reasonable, as those perceiving that the face-to-face and online parts were well integrated tended to 
participate in online learning more frequently, whereas those perceiving the online workload was 
inappropriate were less frequently engaged online. However, all the pairwise associations between the self-
reported and observational measures were rather weak, which might indicate that the self-reported and the 
observational measures of students’ learning experience were only partially aligned, hence requiring 
multiple measurements to be combined in order to represent a more comprehensive picture of student 
learning. These results reveal the benefits of using the combined methods to triangulate the results and to 
strengthen the analyses. 
 
The critical aspects of the different experiences of learning, understanding and reproducing orientations 
provided some reasons why some experiences of learning are relatively more successful than others. There 
was generally a consistency and alignment across self-reported and observational measures and academic 
performance reflected in the subgroups identified in the population sample. Approximately one third of the 
students reported adopting deep approaches to inquiry and using online learning technologies, perceiving 
the online learning as being well integrated with the course and perceiving the online workload as being of 
an appropriate level. At the same time, this grouping of students was also observed to participated in online 
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learning tasks relatively more frequently and performed relatively better in the course. In comparison, two 
thirds of the students reported that they opted for surface approaches, that they did not perceive the 
connections between their online learning and the course and that they considered the online workload as 
being too high. Their observational digital traces also indicated that they had relatively less frequent 
interactions with the online learning tasks and obtained significantly lower course marks. These consistent 
patterns between the self-reported and observational measures support the claim of combining both to more 
comprehensively understand why the experiences of some students are more successful than others in the 
same course.  
  
The contributions of students’ learning experience to their academic performance 
 
The results of regression analyses show that the learning experience measured by self-reported and 
observational methods complemented each other, as the two methods made unique contributions to 
students’ learning outcomes. In contrast to studies which did not find any significant prediction of students’ 
academic performance by self-reported measures (Tempelaar et al., 2015), our results show that even after 
adding the observed learning experience, students’ self-reported cognitions still significantly predicted their 
academic performance in the course, albeit having a small effect that explained only 6% of the variance. 
However, the small percentage explained by the self-reported methods is consistent with previous studies 
(Ellis et al., 2017; Pardo et al., 2017). Corroborating with their findings, we found that including 
observational measures predicted a large amount of the variance in students’ learning outcomes, 
highlighting the importance of measuring the observational learning experience. These results indicate that 
using self-reported measures of student learning experience to explain their academic performance alone 
may present only a partial picture of students’ experiences of learning. 
  
Implications and conclusion 
 
The limitations of the study should be pointed out so that they can be considered in the future research. 
First, we included only a limited number of self-reported measures of students’ learning experience. Future 
studies may consider other important self-reported aspects in the experiences of learning, such as students’ 
conceptions of learning and their perceptions of teaching quality. Second, the observational measures in 
the study captured only the frequency of students’ online interactions with the online learning tasks, which 
does not represent the complexity of students’ online interactions. Future research should aim to use other 
observational measures in addition to frequency, including but not limited to duration of the online 
interaction and the time-stamped trace data of sequences of the online interaction (Mirriahi et al., 2018; 
Winne et al., 2017). Through applying advanced process-mining methods to analysing these types of digital 
trace data, the more dynamic nature of students’ online learning can be revealed (Jovanović et al., 2017; 
Sonnenberg & Bannert, 2019). Notwithstanding these limitations, the results offer some valuable insights 
into why the quality of student experiences of learning in blended course designs vary, which may be useful 
in improving student learning. 
 
In blended course designs, students whose learning orientation is mostly about reproducing facts without 
much deep reflection present an ongoing challenge for teachers. The results reported here suggest some 
strategies to help move these students towards an understanding learning orientation. A fragmented 
perception of the purpose of the online environment – one that disintegrated with the course assessment or 
classroom tasks – is associated with formulaic strategies in learning. To break down such perceptions and 
strategies, a systematic design approach to each activity describing the role of the online tasks and resources 
would seem to be essential. Directly and explicitly explaining the links between face-to-face and online 
elements in the course, particularly around assessment activities, should be emphasised, as this will enable 
students to understand the holistic intent of activities in the blended learning environment when they move 
between the classroom and the online tasks. In addition, the teaching staff should discuss the purpose and 
intent of using online learning technologies in facilitating learning and model effective ways of using 
various online learning tools or invite students with successful experience in using online tools to do so. 
Pairing students with impoverished approaches and perceptions to collaborate with those with deep 
approaches and a clear understanding of why and how they are engaging online is also likely to make a 
difference in their experiences of learning. To signal the importance of online learning activities, teachers 
may also consider giving at least equal weight to participation in the online aspects of assessment where 
feasible, as this will help raise students’ awareness of the importance of participating in both face-to-face 
and online aspects of the learning tasks.  



Australasian Journal of Educational Technology, 2020, 36(6).  

 
 

12 

The inclusion of online aspects in university programmes and courses and in the student experience offers 
both significant benefits and challenges for a quality university education. The online aspects enhance, 
elaborate and enrich the resources, activities and connective potential of learning, but students often 
perceive the online part as separate from their classroom experiences. To achieve benefits from the online 
part of the student experience, university teachers’ approaches to course design and to teaching need to use 
evidence-based knowledge to help reduce the possible fragmentation students may experience. This study 
aims to contribute some ideas to that knowledge base for improving students’ experiences of learning in 
blended course designs. 
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