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ABSTRACT: One of the major objectives of precision education is to improve prediction of educational
outcome. This study combined theory-driven and data-driven approaches to address the limitations of current
practice of predicting learning outcomes only using a single approach. The study identified the online learning
patterns by using students’ self-reported approaches and perceptions of online learning and by using the
observational digital traces of the sequences of their online learning events in a blended course. The study
examined predictions of the academic performance using the online learning patterns generated by the two
approaches separately. It also investigated the extent to which the online learning patterns identified by the two
approaches were associated with each other. The theory-driven approach adopted a hierarchical cluster analysis
using the self-reported data and found a ‘deep’ and a ‘surface’ online learning patterns, which were related to
differences in the academic performance. The data-driven approach used an agglomerative sequence clustering
and detected four patterns of online learning, which not only differed by quantity (number of learning events),
but also differed by quality (the proportions of types of learning events). A one-way ANOVA revealed that the
online learning pattern which had the most learning events, and was characterized by high proportions of
viewing course contents and of performing problem-solving exercises, had the highest academic performance. A
cross-tabulation revealed significant association between the self-reported and observational online learning
patterns, demonstrating consistency of the evidence by a theory-driven and a data-driven approach and
triangulating the results of the two approaches.

Keywords: Online learning patterns, Academic performance, Theory-driven approaches, Data-driven
approaches, Blended course designs

1. Introduction

Blended course design, which is “a systematic combination of co-present (face-to-face) interactions and
technologically-mediated interactions between students, teachers and learning resources” (Bliuc, Goodyear, &
Ellis, 2007, p. 234), has been increasingly adopted in the higher education sector worldwide. As blended courses
require students to move back and forth across face-to-face and online contexts (Ellis & Goodyear, 2019), their
learning experiences are related to an increasing number of core elements; their cognitions (e.g., conceptions,
approaches, and perceptions, Trigwell & Prosser, 2020), their social interactions in learning (Hadwin & Oshige,
2011), the spaces in which they learn (Ellis & Goodyear, 2016), and the different devices they use for learning
(Laurillard, 2013). As a result, student learning experiences are becoming more and more complex in their
structure. Consequently it requires research methods that move beyond approaches that do not routinely
investigate the combined contribution of participants and the things they use to outcomes, such as academic
performance (Lopez-Pérez, Lopez-Pérez, & Rodriguez-Ariza, 2011; Wu, Tennyson, & Hsia, 2010). The recent
precision education initiative has offered some alternative approaches to framing how we evaluate learning in
universities (Hart, 2016, Williamson, 2019, Yang, 2019).

Precision education is based on the philosophy of the Precision Medicine Initiative launched by the former US
present Barack Obama after his 2015 State of the Union Address (The White House, 2015). The Precision
Medicine Initiative aimed to revolutionize the medical treatment of diseases by transiting away from the one-
size-fits-all approach of medical research and practice to the personalized approach, which takes into account of
individual differences in genetics, environments, and personal choices (Collins & Varmus, 2015). Rather than
producing unique treatments for specific patients, precision medicine emphasizes individual variability to
improve the diagnosis, prediction, treatment, and prevention of disease. Underpinned by the same principles, Lu
et al. (2018) defines the objectives of precision education as “the improvement of diagnosis, prediction,
treatment, and prevention of learning outcome” (p. 221). To achieve these aims, educational researchers have
been increasingly using big data analytics, applying artificial intelligence and machine learning, and
implementing advanced data mining techniques and complex algorithms (known as data-driven approaches) to
identify at-risk students early, and to provide an prediction of students’ academic performance by their learning
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behaviors; so that targeted intervention strategies can be planned in order to prevent drop-out and learning failure
(Cook, Kilgus, & Burns, 2018; Tsai, Chen, Shiao, Ciou, & Wu, 2020). Another important focus of precision
education lies in the personalized education for enhancing student learning experiences (Lemons et al., 2018;
Rojas-Lopez & Garcia-Pefialvo, 2019; Wilson & Ismaili, 2019). To contribute to the development of how a
precision education perspective can improve our understanding of university student experiences of learning, this
research will focus on improving prediction of students’ learning outcomes.

Traditionally, research into student learning experiences and academic performance in higher education has
largely adopted theory-driven approaches, which test hypotheses derived from theories in educational
psychology, learning sciences, and research in pedagogy and curriculum (Trigwell & Prosser, 2020). Studies
using such approaches primarily employ self-reported instruments and data to understand the relations between
the processes of learning (e.g., approaches to, and perceptions of, learning) and the product of learning (e.g., the
academic performance) (Ellis & Goodyear, 2016). With the advancement of educational data mining techniques
and collection of rich learning analytic data, data-driven approaches have gradually gained popularity and a
growing research area of learning analytics has emerged to provide a more objective picture of student learning
(Baker & Siemens, 2014).

Both theory-driven and data-driven approaches, however, have limitations: the theory-driven approaches are
criticized for being subjective and lacking accuracy in self-assessment by subjects (Siemens, 2013); whereas the
data-driven approaches are often fragmented from educational theories and rely purely on empiricism, which
limit the insights they can offer for directing pedagogical reforms, guiding learning design, and enhancing
student learning experiences and outcomes (Buckingham Shum & Crick, 2012). Theoretically speaking, it is
useful to investigate in what ways the associations between students’ learning processes and academic outcomes
revealed by the two approaches are convergent or divergent. To address this issue, the study first investigated the
assessments of students’ academic performance by using their online learning patterns adopting a theory-driven
or a data-driven approach separately. It then examined the extent to which the online learning patterns found in
the two approaches are consistent with each other.

From a methodological point of view, the study combined methods used in theory-driven and data-driven
approaches. Such combination not only provides complementary information of what students reported and what
they actually did for online learning, but also enables the results obtained from each approach to be triangulated.
It has the strengths of offering information regarding the intents of students’ learning and objective evidence of
their learning behaviors to address the limitations of adopting either a theory-driven or a data-centric approach
(Reimann, Markauskaite, & Bannert, 2014).

In the context of a theory-driven approach, we applied Student Approaches to Learning (SAL) framework
(Trigwell & Prosser, 2020) to investigate students’ approaches to using online learning technologies and their
perceptions of the online learning environment in the blended course through a self-reported Likert-scale
questionnaire to demonstrate their self-reported online learning patterns. For the data-driven approach, we used
the digital-trace data of the sequences of the online learning events produced by the learning analytic functions in
the learning management system (LMS) to show students’ online learning patterns by observation (Jovanovic,
Gasevi¢, Pardo, Dawson, & Mirriahi, 2017). The following part will review the relevant SAL research and
learning analytics research.

2. Literature review
2.1. Related SAL research

SAL is a well-established research framework into student learning in higher education (Trigwell & Prosser,
2020). It focuses on identifying various factors in the learning processes that are able to explain differences in
academic performance (Biggs, Kember, & Leung, 2001). SAL research mostly uses self-reported questionnaires
to examine variations of the ways how students go about their learning (i.e., approaches to learning) and how
they perceive the learning environment and teaching context (i.e., perceptions of learning and teaching)
(Ramsden, 2003). The approaches and perceptions in SAL research are considered being responses to different
learning and teaching contexts rather than a personality trait (Diseth, 2003). Hence, the same individual may
report adopting different approaches and having different perceptions from one environment to another (Biggs &
Tang, 2011). In addition, individuals in the same learning context can report contrasting experiences, despite
studying the same learning tasks and experiencing the same teaching team.
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A key insight from SAL research is that consistent and logical relations have been found between students’
approaches, perceptions, and their academic performance (Asikainen & Gijbels, 2017; Entwistle, 2009). Students
adopting surface approaches to learning, which are characterized by mechanistic procedures, producing
formulaic responses, and being not engaged with the conceptions in learning, tend to perceive poor teaching
quality, high workload, and irrelevant assessments. In contrast, students who adopt deep approaches, which
involve using meaningful strategies to investigate the subject matter and pursue in-depth understanding of the
key concepts and theories, are likely to perceive teaching as fostering independence and clear goal-focused,
workload and assessment tasks as appropriate (Lizzio, Wilson, & Simons, 2002; Wilson & Fowler, 2005).

In blended course designs, deep approaches to learning and to using online learning technologies are also found
to be logically related to students’ appreciation of the online design and valuing of online contributions, and
relatively higher course marks; whereas surface approaches to learning and to using online learning technologies
are significantly associated with perceptions of unbalanced online learning workload, and a disconnection
between face-to-face and online parts of the course, and relatively lower academic learning outcomes (Ellis &
Bliuc, 2016; Ellis & Bliuc, 2019; Han & Ellis, 2020a). In this study, a self-reported questionnaire from SAL
research is used to examine students’ online learning patterns, including their approaches to using online
learning technologies and perceptions of the online learning environment in the blended course.

2.2. Related learning analytics research

Learning analytics research has been established at the intersection of learning sciences, computer science,
psychology, and education (Gasevi¢, Dawson, & Siemens, 2015). It focuses on how large-scale data derived
from technologies can be used to increase the understanding and improvement of the quality of student learning
experiences and outcomes (Siemens & Gasevi¢, 2012). The large volume of digital-trace data records what
students and teachers do when they interact with a variety of learning technologies. When combining with
various students’ demographic information, the big learning analytic data are processed by advanced data mining
techniques and sophisticated algorithms so that they can be used to: (1) address challenging problems in
education, such as identifying at-risk students to minimise course attrition (Krumm, Waddington, Teasley, &
Lonn, 2014), increasing program retention (Dawson, Jovanovi¢, Gasevi¢, & Pardo, 2017), and monitoring
students’ affect (Ocumpaugh, Baker, Gowda, Heffernan, & Heffernan, 2014); (2) provide empirical evidence to
support decision-making, like in the area of academic success prediction (Romero, Lopez, Luna, & Ventura,
2013), education policy reforms (Ferguson et al., 2016), and career advice (Bettinger & Baker, 2013); and (3)
improve learning and teaching quality, including assisting learning design (Tempelaar, Rienties, & Giesbers,
2015), identifying learning strategies (Chen, Resendes, Chai, & Hong, 2017), facilitating online discussions
(Joksimovié, GaSevi¢, Kovanovi¢, Riecke, & Hatala, 2015) and collaboration (Kaendler, Wiedmann, Rummel, &
Spada, 2015), and providing personalised learning feedback (Pardo, Jovanovi¢, Dawson, Gasevi¢, & Mirriahi,
2019).

2.3. Combining theory-driven and data-driven approaches

In considering the drawbacks of relying solely on theory-driven or data-driven approaches, some researchers
have proposed to combine theory-driven and data-driven approaches in explaining students’ learning outcomes
(Lockyer, Heathcote, & Dawson, 2013). A combination of theory-driven and data-driven approaches may not
only increase the power of detection of learning behaviors and prediction of learning outcomes, but may also be
used as a way of triangulation to see if the evidence from different approaches can achieve consistency
(Rodriguez-Triana, Martinez-Monés, Asensio-Pérez, & Dimitriadis, 2015).

Adopting a combined approach, studies have used different sources of data to predict and assess students’
learning outcomes. Some studies reported that student learning processes collected from different data sources
contributed uniquely to the learning outcome and increased the predictive power (Han & Ellis, 2017a). For
instance, Pardo, Han, and Ellis (2017) reported that adding the frequency of interactions with the online learning
resources by observation explained an additional 25% of variance in students’ course marks than using students’
reported use of self-regulated learning strategies alone. Ellis, Han, and Pardo (2017) also found a similar result
that inclusion of students’ engagement with various online learning activities in the regression model increased
as high as 25% of variance explained for students’ course marks than merely using students’ reported approaches
to study.

193



However, research findings are not always consistent with regard to whether the self-reported and observational
data of student learning complementarily explain students’ academic performance or overlap. Some studies
found either an indirect contribution (Pardo, Han, & Ellis, 2016) or non-significant contribution of self-reported
data (Tempelaar et al., 2015) to learning outcomes after adding observational data. Using a path analysis, Pardo
et al. (2016) showed that students’ reported positive self-regulated learning strategies only indirectly predicted
academic performance via online activity participation recorded by digital traces. Tempelaar et al. (2015)
conducted a large-scale study, which included 151 online learning modules involving 11,256 students. Their
regression analyses showed that students’ reported satisfaction with the online learning modules became a non-
significant predictor after entering the observational data of time spent on online learning, which explained 11%
of variance of their module retention.

Noting these inconsistencies, researchers have attempted to triangulate evidence offered by theory-driven and
data-driven approaches. Han and Ellis (2017b) reported logical associations between students’ self-reported
perceptions of the course learning environment and the recorded counts of students’ use of online learning tools
in the LMS. Positive perceptions were found to be related to higher counts of tool use; as well as positive
associations between negative perceptions and lower counts of tool use, suggesting a consistency of the learning
experiences obtained from the self-reported and observational data.

Using more complex observational data rather than frequency counts as in Han and Ellis (2017b), and Han,
Pardo, and Ellis (2020) identified a self-reported “understanding” and a “reproducing” learning orientation by
students’ approaches to learning in face-to-face and online contexts and perceptions of the blended learning
environment. They also identified four different online learning orientations by using the observational
sequences of the online study states. The results showed that students who reported an “understanding” learning
orientation were involved in more online study states with high volume of formative learning, indicating a level
of consistency between learning orientations by self-reported and observational data. One limitation of this study
is the mismatch between the self-reported data and the observational data: while the self-reported questionnaire
measured the learning in both face-to-face and online parts in the course; the observational data only recorded
the online learning. Such mismatch may affect the results and needs to be addressed in future research.

2.4. Research purposes and research questions

Combining theory-driven and data-driven approaches, the current study had three research purposes. The first
two research purposes concerned with separate examinations of the self-reported and observational online
learning patterns, and the relations between these patterns and the academic performance. While the self-
reported online learning patterns were measured by students’ reporting on approaches to online learning
technologies and perceptions of the online learning environment; the observational online learning patterns were
assessed by digital traces of sequences of the online learning events. The third research purpose was to
investigate the level of consistency between the self-reported and observational online learning patterns. By
combining theory-driven and data-driven approaches, the study aimed to improve the current practice of
predicting learning outcomes in order to contribute to the development of precision education.

To be more specific, the study addressed three research questions:

e  What are students’ self-reported online learning patterns and their relations to the academic performance?
e  What are students’ observational online learning patterns and their relations to the academic performance?
e To what extent are the online and observational learning patterns consistent with each other?

3. Method
3.1. The participants and the course design

The research was conducted in an Australian metropolitan university with 314 freshmen studying a compulsory
engineering course. The course lasted 13 weeks, and was designed with face-to-face and online components. The
face-to-face component included weekly lectures (2 hours), weekly tutorials (2 hours), and weekly laboratory
sessions (3 hours). The focus of the lectures was in-depth explanations of the key concepts, which were further
expanded and discussed in tutorials. The tutorials also included activities of how to apply theoretical principles
to tackling practical issues through demonstration of problem-solving tasks. In laboratory sessions, students were
given opportunities to gain hand-on skills through projects, such building an electronic circuit, or configuring a
computer system. The online component, which was held in a bespoke LMS, required students to engage with
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the online learning activities both before and after classes through three types of online learning activities,
namely: (1) view course contents; (2) doing theory-related exercises; and (3) performing problem-solving
exercises. Before classes, students were asked to familiarize themselves with the lectures, tutorials, and
laboratory contents, such as key concepts and laboratory procedures through reading and/or watching videos
(i.e., view course contents). After classes, there were quizzes to test students’ understanding of terminologies,
such as Moore’s law, System Verilog, and Flynn’s taxonomy (i.e., doing theory-related exercises). There were
also mini case studies for students to solve practical problem sequences by applying theories, such as digital
circuit design improvement, control circuit reset, and pipelined processor implementation (i.e., performing
problem-solving exercises).

3.2. Data and the instruments
3.2.1. Self-reported data collected by a questionnaire

The self-report data was collected using a 5-point Likert-scale questionnaire, which consisted of five scales: two
scales assessed approaches to using online learning technologies; and the other three scales evaluated
perceptions of the online learning environment in the blended course, including perceptions of the integrated
learning environment, perceptions of online contributions, and perceptions of online workload. These scales
were developed adopting SAL framework (Prosser & Trigwell, 1999) and used and validated in previous SAL
studies (Ellis & Bliuc, 2016; Han & Ellis, 2020b). The description and reliability of each scale accompanied by a
sample item are provided in Table 1.

Table 1. The details of the questionnaire

Scale Description o  Sample

Deep approach to Using online learning technologies ina .75 [ find I use the learning technologies
using online meaningful way, such as assisting in this course to further my research
learning forming key inquiry questions in into a topic.
technologies (6 learning, deepening concepts in the
items) course, and developing essential skills

Surface approachto  Using online learning technologies in 15 1 only use the online learning
using online formulaic and mechanistic ways, such technologies in this course to fulfil
learning as fulfilling course requirements and course requirements.
technologies (5 downloading documents
items)

Perceptions of the Perceptions of levels of integration of .89 The ideas we reviewed online helped
integrated learning the online learning in the course with the assessment of the course.
environment (9
items)

Perceptions of online  Perceptions of the value of online .87  The online contributions from other
contributions (6 contributions by other students in the students helped develop my
items) course understanding of particular topics.

Perceptions of online  Perceptions of the online workload in 17 The workload for the online activities

workload (6 items)

relation to the whole course

was too heavy. (negatively worded
item)

3.2.2. Observational digital-trace data collected by the learning analytic functions in the LMS

The observational digital-trace data was collected by the learning analytic functions in LMS, which recorded
sequences of timestamped learning events involving three learning activities: (1) viewing course contents of
printed and video materials; (2) doing theory-related exercises; and (3) performing problem-solving exercises.

3.2.3. Data of academic performance
The academic performance data was students’ course marks, which were comprised by scores for class

preparation (25%), the laboratory project (25%), and the close-book examination (50%). The examination
assessed students’ understanding of the key theories through 20 multiple-choice questions (1.5 marks each) and
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their abilities to apply theories in solving practical questions through four open questions (5 marks each). The
range of the course marks were from 21.25 to 98.75 (M = 67.40, SD = 14.62).

3.3. Ethical consideration and data collection

We obtained the formal approval and strictly followed the ethical requirements stipulated by the institution’s
ethics committee. The volunteer students signed written consent forms and agreed to answer the questionnaire,
permitted the extraction of the digital-trace data of their online learning, and allowed access to their course
marks. The different types of the data were matched and then anonymized so that students’ identification was
revealed.

3.4. Data analysis methods

To answer the first research question, a hierarchical cluster analysis using the mean scores of the five scales of
students’ approaches to, and perceptions of, online learning was conducted to identify self-reported online
learning patterns. Based on the cluster membership, one-way ANOV As were performed to examine the relations
between self-reported online learning patterns and academic performance. To facilitate interpretation, the mean
scores of the scales were transformed into z-scores (M = 0, SD = 1) in the analyses. To provide an answer to the
second research question, we performed an agglomerative sequence clustering analyses using the timestamped
sequences of the online learning events to investigate the observational evidence of the online learning patterns.
Then we applied a one-way ANOVA to see the extent to which students’ academic performance differed by the
observational online learning patterns. For the third research question, we run a cross-tabulation analysis using
the self-reported and observational clusters generated from the above analyses.

4. Results

4.1. Self-reported online learning patterns and academic performance

A hierarchical cluster analysis using the five scales produced two clusters of students: cluster 1 had 95 students
and cluster 2 had 219 students. As shown by one-way ANOVAs, the two clusters of students differed
significantly on all the five scales: deep approach to using online learning technologies: F(1, 312) = 88.43, p <
.01, n? = .22; surface approach to using online learning technologies: F(1, 312) = 163.25, p < .01, n*=.34),
perceptions of the integrated learning environment: F(1, 312) = 119.53, p < .01, n?= .28; perceptions of online
contributions: F(1, 312) = 8.59 p < .01, n*>= .03; and perceptions of online workload: F(1, 312) = 115.60, p <
.01, n>= .27). The two clusters of students also differed on the course marks: (F(1, 312) = 16.46, p < .01, n°=
.05); and the scores of each assessment task, class preparation: (F(1, 312) = 4.11, p < .05, n?= .01); laboratory
project: (F(1, 312) =4.15, p <.05, n*= .01); close-book examination: (F(1, 312) = 14.92, p <.01, n*>=.05).

Table 2. Self-reported online learning patterns and academic performance

Variables Deep (N =95) Surface (N =219) F p
M SD M SD

Deep approaches to online learning technologies 0.72 0.73 -0.31 0.96 8843 .00 .22
Surface approaches to online learning -0.88 0.64 0.40 0.88 163.25 .00 .34
technologies

Perceptions of the integrated learning 0.80 0.62 -0.35 0.94 119.53 .00 .28
environment

Perceptions of online contributions 0.24 0.95 -0.12 1.02 859 .00 .03
Perceptions of online workload 0.80 0.88 -0.34 0.86 115.60 .00 .27
Course marks 72.37 14.15 67.41 14.62 1646 .00 .05
Class preparation 21.58 2.83 20.80 3.31 411 .04 .01
Laboratory project 21.48 6.17 19.84 6.71 415 .04 .01
Close-book examination 29.22 11.22 23.90 11.21 1492 .00 .05

The M values in Table 2 suggested that cluster 1 students self-reported a higher score on deep approaches to
using online learning technologies; positive perceptions of the integrated learning environment, of online
contributions, and of online workload. These features of approaches and perceptions suggested that cluster 1
students had a “deep” learning pattern. In contrast, cluster 2 students reported higher scores on surface
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approaches to using online learning technologies, and had negative ratings on perceptions of the integrated
learning environment, of online contributions, and of online workload. The learning of the cluster 2 students had
characteristics of “surface” pattern of learning. The scores of assessment tasks achieved by students with the
“deep” learning pattern were significantly higher than those with the “surface” learning pattern.

4.2. Observational online learning patterns and academic performance

The agglomerative hierarchical sequence clustering using the timestamped online learning events involving the
three types of learning activities produced four observational online learning patterns, which are visualized in
Figure 1.

e pattern 1 (N = 161): had most learning events (M learning events = 62), amongst which viewing course
contents occupied highest proportion, followed by problem-solving exercises, and theory-related exercises
accounted for the lowest proportion.

e pattern 2 (N = 64): had second most learning events (M learning events = 27), of which there were relatively
balanced learning events of viewing course contents and doing theory-related exercises, with performing
problem-solving exercises being lowest.

e pattern 3 (N = 27): had least learning events (M learning events = 13), of which there was predominantly
doing theory-related exercises, with very low proportion of performing problem-solving exercises.

e pattern 4 (N = 62): had the second least learning events (M learning events = 18), of which there were high
proportions of doing theory-related exercises, followed by viewing course contents, and performing
problem-solving exercises had the lowest proportion.

MN=161 N=64
-
(=]
o
(=]
1 [6] [12] [19) [26] [33] [40] [47] [S54] [61] (11 6] [(12) [19] [26] ([33] [40] [47] [54] [61]
N=27 N=62
o <
L=] =
=
(=]
< o
o 1 o
(1 [6] [(12) [19] [26] ([33] [40] [47] [54] ([61] (11 6] (12] [19] [26] [33] [40] [47] [54] |[61)

B lzaming events of performing problem-solving exercises

B eam ing events of doing theory-related exercises
i learning events of viewing course contents

Figure 1. The four observational online learning patterns

The one-way ANOV As showed that students’ course marks (F(3, 310) = 34.24, p < .01, n>= .25) and scores on
each assessment task (class preparation: (F(3, 310) = 29.50, p < .01, n?>= .22); laboratory project: (F(3, 310) =
12.96, p < .05, n?=.11); and close-book examination: (F(3, 310) = 15.87, p < .01, n*=.13) significantly differed
by patterns. The post-hoc analyses in Table 3 were summarized (course marks: patternl > pattern2 > pattern3 =
pattern4; class preparation: patternl > pattern2 > pattern3 > pattern4; laboratory project and close-book
examination: patternl = pattern2 > pattern3 = pattern4).
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Table 3. Post-hoc analyses of students’ academic performance by patterns

Course marks p values for pairwise comparisons
N M SD pattern 2 pattern 3 pattern 4
Pattern 1 161 73.13 12.99
Pattern 2 64 68.39 13.22 .01
Pattern 3 27 52.95 15.14 .00 .00
Pattern 4 62 57.85 10.14 .01 .00 .10
Class preparation p values for pairwise comparisons
N M SD pattern 2 pattern 3 pattern 4
Pattern 1 161 22.22 2.36
Pattern 2 64 21.08 2.90 .01
Pattern 3 27 17.61 3.78 .00 .00
Pattern 4 62 19.41 3.34 .00 .00 .01
Laboratory project p values for pairwise comparisons
N M SD pattern 2 pattern 3 pattern 4
Pattern 1 161 21.74 5.13
Pattern 2 64 21.64 4.46 .92
Pattern 3 27 17.41 7.26 .00 .00
Pattern 4 62 16.62 9.25 .01 .00 .59
Close-book examination p values for pairwise comparisons
N M SD pattern 2 pattern 3 pattern 4
Pattern 1 161 28.81 11.55
Pattern 2 64 26.09 10.69 .09
Pattern 3 27 17.78 11.02 .00 .00
Pattern 4 62 19.72 8.04 .01 .00 43

4.3. Association between self-reported and observational online learning patterns

The results of the cross-tabulation analysis revealed a significant association between the self-reported and
observational learning patterns (y*(3) = 7.95, p < .05). Table 4 shows that amongst the students categorized in
observational online learning pattern 1, the proportion of students who reported a “deep” online learning pattern
(61.1%) was significantly higher than that of students who reported a ‘surface’ online learning pattern (47.0%).
Of the students in observational online learning pattern 3, the reversed pattern was observed: the proportion of
students who reported a “surface” online learning pattern (11.0%) was significantly higher than that of those
reporting a “deep” pattern (3.2%).

Table 4. Association between self-reported and observational online learning patterns

Patterns Count & % within self-reported patterns Deep Surface Total
Pattern 1 Count 58 103 161

% 61.1%, 47.0% b 51.3%
Pattern 2 Count 18 46 64

% 18.9% 4 21.0%, 20.4%
Pattern 3 Count 3 24 27

% 3.2%a 11.0% v 10.8%
Pattern 4 Count 16 46 62

% 16.8% , 21.0%, 19.27%
Total Count 95 219 314

% 100.0% 100.0% 100.0%

Note. Different subscript letters denote the proportions differ significantly at p <.05.

5. Discussion and practical implications

An important aim of precision education is to provide tailored instructional interventions to address students’
problematic learning behaviors in order to enhance their learning achievement (Cook et al., 2018; Tsai et al.,
2020). Before effective intervention plans can be carried out, it is essential to know what students’ problematic
learning behaviors might entail and how they are related to learning outcomes. Understanding the structure of
problematic student behaviours and why they do the things they do is one of the two foci of the current study.
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Our results show that the different learning patterns identified by the self-reported approaches to, and
perceptions of, online learning and the differences in the sequences of digital traces of the online learning events
recorded in the LMS both are consistent with variations of the academic achievement as indicated by the final
marks in their course.

Before discussing the results, it is worthwhile noting the limitations of the study. While the patterns of the
observational online learning behaviors detected by the agglomerative sequence clustering considered the
proportions of types of learning events as well as the total number of learning events, it did not provide detailed
account of frequencies of each type of learning activities. Future studies could apply other statistical methods to
make fine-grained analyses of the frequencies of different learning activities. Furthermore, due to ethical issues,
it was not practical to obtain item-by-item score of students’ close-book examination, hence, the internal
reliability of the examination could not be calculated. Notwithstanding these limitations, the outcomes of this
study offer some interesting insights into a possible way of improving prediction of students’ learning outcomes
from a precision education perspective.

In this study, the theory-driven approach found that students who self-reported deep approaches to using online
learning technologies as well as positive perceptions of the online learning environment also obtained relatively
higher achievement in the course; whereas those who reported using surface approaches and having negative
perceptions were more likely to receive lower course marks. The two contrasting patterns of students’ online
learning were similar to the two contrasting patterns found in the research conducted in the traditional classroom
learning context, which also found logical associations between deep approaches to learning, positive
perceptions of teaching quality, and quality learning outcomes on the one hand; and surface approaches,
perceptions of inappropriate workload and assessment, and poorer learning outcomes on the other (Lizzio et al.,
2002; Wilson & Fowler, 2005). The results corroborated with the findings of the studies in blended course
designs, which also distinguished between students’ learning with contrasting approaches in both face-to-face
and online parts, perceptions of integration between face-to-face and online learning, and the academic
achievement (Ellis & Bliuc, 2019; Han & Ellis, 2020a). However, different to previous studies in blended
contexts, the current study only focused on the approaches and perceptions of the online part in order to compare
the observational data, which also concerned with the engagement with the online learning activities only. The
comparison between the self-reported and observational data in our study improved the research design by
addressing the limitation of a mismatch in Han’s et al. (2020) research, in which the self-reported data focused
on the whole course experience, whereas the observational data was only about online part of learning.

The self-reported findings show that as high as 70% of the students in the course did not approach learning in a
meaningful and considered way. The questionnaire not only identified the students whose learning requires extra
support, but also provided evidence to teachers to better understand which specific aspects of the learning
experience should be improved so that the intervention strategies are more likely to produce a benefit.
Specifically, the less desirable aspects of the learning experience in this study include adopting surface
approaches to using online learning technologies, perceiving a fragmentation of the online learning experience in
relation to the course, not valuing the online contributions of their peers, as well as considering the online
workload to be high. Teachers can help improve these elements early in the course so that students may have
more desirable learning experiences later on in the course. The teaching team can invite those whose learning
was oriented towards a deep understanding of the subject matter to share their strategies and ideas. There are
many useful topics for the students to share: such as how and why they used online learning technologies in a
meaningful way to facilitate their learning, how these approaches helped them achieve the learning objectives in
the course, what they decided to contribute online and what they found more useful to share in class, how they
felt about and learnt from others’ online contributions, how they managed their online workload and what
proportion of time they allocated to their online learning activities in the overall course experience. In addition,
the teachers can help all their students by providing more explicit explanations at the beginning of the course as
to how online resources, quizzes, and activities are linked with learning outcomes to reduce the likelihood that
students experience the online activities being unrelated to the learning objectives.

With the goal of discovering evidence to improve the students’ experience of learning, it is equally valuable to
employ a data-driven approach to find out the patterns of what, and how much, the students interacted with their
online learning activities through investigating the digital traces left in the LMS. The results demonstrated that
students who were involved in most learning events with higher proportions of tackling practical problems
(pattern 1) tended to achieve relatively more highly compared to students, who participated the least in the
learning events (pattern 4). The latter group also had a higher proportion of exercises focusing on just testing the
understanding of theories and obtained the lowest course marks. The possible reasons as to why students in the
observational online learning pattern 1 outperformed the students in the other patterns could be their active
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participation online, as reflected in the quantity of the completed online learning events. It could also be that the
problem-solving exercises they favoured provided them opportunities to link theoretical concepts with practical
problems, enabling a deeper understanding of the key theories and strengthening their understanding between the
subject of learning and its applications in context. In addition, the practice of a higher proportion of the problem-
solving type of online learning activities by the students adopting pattern 1 were congruent with the major
assessment in the course, accounting for 50% of the course marks. The examination not only tested students’
theoretical understanding but also their ability to solve practical problems by applying the theories. In contrast,
the students in pattern 4 not only had insufficient practice, but the theory-related exercises they prioritized to
work with lacked sophistication to allow them to extend theories into practice.

Difference in the depth of engagement with the online learning activities was also reflected by differences in the
self-reported approaches and perceptions. The significant association between the self-reported and
observational online learning patterns suggest that what students reported they did in the learning was consistent
and coherent with what the observed data suggested they did. This outcome provides a type of triangulated
evidence for both approaches (Knight, Buckingham Shum, & Littleton, 2014). The positive association found in
the current study are also in line with a trend of associations identified in related research (Han & Ellis, 2017b;
Han et al., 2020). This study has added to the quality of the research design by matching the self-reported and
observational data so that both emphasised how the online part of learning experience in the blended course
design. Interestingly, the results of our study are only partially consistent with the study by Gasevié, Jovanovié,
Pardo, and Dawson (2017), which found significant link between self-reported and observational learning
approaches only for the deep aspect but not for the surface aspect. Clearly more studies are needed before more
conclusive evidence can be drawn.

The results from the data-drive approach suggest to us that teachers can monitor both the quantity and the quality
of students’ engagement with the online learning activities through using the learning analytics functions built in
the LMS. The early detection of such information can hint to teachers the levels of engagement and the
appropriateness of strategies the students approach their online learning in order to implement the class-level
and/or personalized intervention strategies. For the whole class, the teaching staff can encourage online
participation by selecting some online activities as part of discussions in the class to make these as essential
activities for students to prepare beforehand. Teachers can also explain the purpose of each type of the online
learning activities and their relations to help students make wise decision as to how much time and effort to be
allocated for each one. Personalized intervention strategies could be also arranged to support students with
different problems in learning. For example, the dashboard of students’ online participation together with the
class average online participation rate could be sent to those at the bottom level of online engagement to
reminder them of catching up. Personalized strategic plans for how to deal with the online activities in an
appropriate way can also be tailored and delivered to those lacking good strategies. It is hoped that through those
timely interventions, students can make adjustments and improve their learning behaviors, lowering the potential
risk of dropping out or failing the course.

6. Conclusion and implications for precision education

Research in precision education in an era of big data often solely relies on the techniques of advanced statistical
learning, deep learning, and sophisticated data mining to achieve the “volume” principle in the four V’s of the
big data analytics (i.e., volume, velocity, variety, and veracity; IBM, 2018). This often results in the
disintegration between the quantitative numbers and the established educational theories. Hence, the figures and
the models generated in datacentric approach in precision education may severely limit the power and value in
the abilities of guiding practice in learning and teaching or translating the numbers into meaningful
interpretations for stakeholders in policy-making processes (Chan, 2019). Therefore, within current international
trends in educational research, it is timely to combine theory-driven and data-driven approaches to advance the
applications of big data analytics in precision education, so that more attention can be paid to the ‘variety’
principle to include multiple data sources, data collection methods, and data processing techniques in a single
study (Topps & Cullen, 2019).

Our study is an initial attempt to demonstrate how combining theory-driven and data-driven approaches can be
used to improve research on predicting students’ academic achievement, which is one of the major objectives in
precision education. Our study predicted learning outcomes by using students’ perceived online learning
experience through self-reports and their actual online learning behaviors observed by the digital-trace data in
LMS. The strengths of such combined approaches lie in multiple ways. First, it has an advantage of offering
richer information in the way of predicting students’ learning over using a single approach, with each approach
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supplementing the other. While the observational digital-trace data are able to provide objective evidence as to
what students actually do in their learning (Fincham, Gasevié, Jovanovi¢, & Pardo, 2019), they do not, however,
have capacity to reflect students’ intents and perceptions behind the ways they learn as in the self-reported
studies (Asikainen & Gijbels, 2017; Gerritsen-van Leeuwenkamp, Joosten-ten Brinke, & Kester, 2019). Second,
combined approaches can serve as a triangulation to check the validity of the results derived from either a
theory-driven or data-driven approach. The significant and logical association found between the learning
patterns of the two types of data in our study demonstrate complementarity and some degree of consistency and
coherence of the two approaches. Third, the multiple data analysis methods used in the combined approaches
also strengthen the analytical power of the analyses. Hence, the combined approaches have potential to transfer
into other similar investigations, which tackle the complex issues of contemporary student experiences of
learning, involving interactions not only between students and other individuals (e.g., peers, teachers, tutors, and
laboratory facilitators), but also between students and things (e.g., tools, resources, and learning spaces). All the
merits of combining theory-driven and data-driven approaches point out its future applications to advance
research in precision education. While the current study demonstrates how combined approaches are used to
improve current practice of predicting students’ learning outcomes using either a theory-driven or data-driven
perspective, future studies may extend this methodology to fulfil other objectives of precision education, such as
diagnosing learning problems, personalized learning interventions, and preventing learning failure.
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