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Cumulative experience is important for developing expertise through in-person learning, along with country
setting and gender, but evidence is limited the role of these features in online learning. Yet, COVID-19 has
catalysed the centrality of online learning, such that the efficacy of online learning is now highly relevant.
Although the Pandemic triggered a surge of self-report and literature review research on stakeholder perceptions
of online learning, less educational research has used big data to understand online learning. Therefore, the
present research mined online learning data to identify features that are important for developing expertise in
online learning. Data mining of 54,842,787 initial data points from one online learning platform was conducted
by partnering theory with data in model development. Following examination of a theory-led machine learning
model, a data-led approach was taken to reach a final model. The linear regression model was regularised with
the Lasso penalty to enable data-driven feature selection. Twenty-six features were selected to form an extreme
gradient boosting model that underwent hyper-parameter tuning. All cross-validation adopted the grid search
approach. The final model was used to derive Shapley values for feature importance. As expected, cumulative
experience, country differences, low-and-middle-income country status, and COVID-19 were important features
for developing expertise through online learning. The data-led model development resulted in additional insights
not examined in the initial, theory-led model: namely, the importance of meta-cognition and independent learner
behaviour. Surprisingly, no male advantage was found in the potential for expertise development through online
learning.

1. Introduction

Cumulative experience is an integral part of developing expertise (de
Bruin et al., 2007). With increasing deliberate practice, learners are
increasingly likely to master subject-related knowledge and skill, as
demonstrated by their learning outcomes (Sternberg, 2001a). Online
learning is an environment that has gained prominence for developing
expertise, including that in mathematics. However, there is strong po-
tential for between-country differences in the extent to which learners
can develop expertise through advanced and demanding educational
technology such as online learning (Srite & Karahanna, 2006). This is
particularly true when online learning must take place individually, in
the home, and without teacher presence — as was the often case during
COVID-19 (Dhawan, 2020). Yet, it may be that the pandemic has cata-
lysed learners’ opportunity for online mathematics learning such that

the cumulative experience prompted marked improvements in mathe-
matical expertise, especially in the context of the particular online
platform (OECD, 2020). Nevertheless, a female disadvantage can be
expected, especially in view of home-related pressures placed upon girls
more than boys, especially in low-and-middle-income countries (Liu
et al., 2020). Accordingly, it was the goal of the present research to
examine the role of cumulative experience, country, COVID-19, and
gender in the potential for developing expertise through online learning.

1.1. Cumulative experience as deliberate practice for developing expertise
Cumulative experience’ is the total experience of an individual
learner in one domain and is one dimension of learner expertise (de
Bruin et al., 2007). Sternberg (1999) contends that indicators of aca-
demic ability to be measures of developing expertise, which require
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deliberate practice that is reflective and focused (see also Ericsson et al.,
1993). In other words, performance tests are merely snapshot indicators
of time-bound learning progress rather than absolute indicators of gift-
edness or ability (Sternberg, 2001a). Therefore, to become experts
(Sternberg, 2001b; see also Ericsson & Lehmann, 1996), learners need to
engage in deliberate practice (Ackerman, 1988; Kulasegaram et al.,
2013): that is, planfully designed activities that are responsive to the
learner’s progress, whilst the learner is encouraged to have intent on
improvement (Ericsson, 2018). Academic expertise is developed
through cumulative experience of such activities.

Skill-related expertise is distinct from academic expertise (i.e., gen-
eral intelligence; Cianciolo et al., 2006, pp. 613-632). It is task-specific
and contextually situated (Chi et al., 2014; Sternberg, 2001a). The
ecological view of expertise emphasises the importance of tacit knowl-
edge, which are all-essential to the successful manifestation of explicit
knowledge: as expertise develops, time- and place-specific knowledge
are increasingly applied to a specific online environment with improving
results (Cianciolo & Sternberg, 2018). Thus, through cumulative expe-
rience on each online platform, online learners develop expertise that is
specific to the context and skills relevant to specific online learning
environments, which indirectly expresses itself via cumulative
improvement in learning outcomes.

Cumulative experience with individual online learning has been
shown to make a significant impact on subject knowledge test perfor-
mance (Amarius & Fredriksson, 2021), but this was limited to an
investigation on second-language learning. Much like other recent stu-
dents on online learning, this research involved a small sample (n = 87)
and learner-reported online learning experiences (see also Yates et al.,
2021). In fact, most studies have focused on the Higher Education
learner population (e.g., Al-Salman & Haider, 2021; Biswas et al., 2020;
Jiang et al., 2021; Schlenz et al., 2020). The present research focuses on
the importance of cumulative experience, in particular, for developing
expertise online using a much bigger sample (n = 54,842,787) of
school-aged learners via objectively recorded online learning experience
from platform analytics.

1.2. Country setting and online learner expertise

Country is another important factor in learners’ potential to develop
expertise through online learning. Learners’ expectations of technology
have shown between-country variation. Whereas East Asians (i.e., Ko-
reans) use social media to consolidate and sustain relationships, North
Americans use it to seek new connections (Kim et al., 2011). In fact,
cultural dispositions have been found to predict technological readiness,
with countries high in uncertainty avoidance (e.g., Thailand) showing
greater apprehension towards technology adoption, in contrast to those
that are low in uncertainty avoidance (e.g., UK) who explore in-
novations more readily (De Mooij & Hofstede, 2011). Additionally,
feminine cultures (e.g., Thailand and Kenya) are more likely than
masculine cultures (e.g., UK) to rely upon subjective norms to broach
technological innovations. Likewise, cultures low in power distance (e.
g., UK) are more likely to adopt technology than those high in power
distance (e.g., Kenya and Thailand; Srite & Karahanna, 2006). More-
over, collectivist cultures (e.g., Kenya and Thailand) tend to adopt or
abandon technology use depending on social norms, in contrast to
individualistic cultures (e.g., UK) whose technology use relates to indi-
vidual characteristics such as age, gender, and experience, as well as
social norms (Venkatesh & Zhang, 2010; see Hofstede, 1986 for cited
country profiles). The importance of cultural dispositions features in
motivations that underlie online learning, too. Learners showed greater
need for understanding of task requirements (prior to task completion)
with increased uncertainty avoidance, as displayed by Chinese learners
when compared with Malaysian learners. They would be more inter-
ested in pursuing their own growth and development during online
learning when individualism is high as it is among Malaysian learners, as
compared with when collectivism is high as it is among Chinese learners
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(Bing & Ai-Ping, 2008).

Additionally, income differences between countries result in access-
related inequalities. As there are specific countries in the Global North
that spearhead advancements at the digital frontier, so are there specific
countries with distinctly limited access to technology due to systemic
constraints as well as within-country inequalities (OECD, 2019). Indeed,
online learning environments such as intelligent tutoring systems (such
as the one presently investigated) are situated within an ecological
system wherein country-level factors dictate learners’ chances of
accessing online learning opportunities reliably, or at all (Nye, 2015).
Reasons for between-country disparities include differences in the
agenda and priorities of national gatekeepers, the local infrastructure,
and the local culture such as school technological support, teachers’
technological readiness, as well as home resources and restrictions.
Thus, a disadvantage can be expected among low-and-middle-income
countries (LMICs) in expertise development through online learning.

Although the cited research has considered country as a factor in
online learning, the present research makes a significant contribution
via a three-way country comparison with use of big data whilst ac-
counting for cumulative experience within one platform — and doing so
using objective measures rather than learner-reported perceptions
(Launois et al., 2019). Additionally, the present research accounts for
the potential impact of between-country income differences by taking
these into consideration — and doing so through a large-scale quanti-
tative lens for perhaps the first time rather than adopting a widely used
qualitative and subjective (e.g., King et al., 2018), or single country
(Adam, 2020), perspective.

1.3. The ‘covid effect’ on developing online learning expertise

The COVID-19 pandemic occurred during the life of this research and
was expected to have had a dramatic effect on the amount of online
learning that students engaged with. Online learning saw an unprece-
dented and unforeseeable surge. However, Covid combined with coun-
try to predict important between-country differences in readiness for
online education. Some countries responded to the Pandemic by
promptly setting up new online educational platforms (e.g., China and
Singapore), whereas others used open educational resources or focused
on using content already available that could be delivered online via
existing digital platforms. Some countries put in place teacher profes-
sional development for online education (e.g., Italy, OECD, 2020), and
every country was distinct in the duration of school closures (OECD,
2021).

Moreover, since COVID-19, online learning resources have increased
or decreased in their potential as educational supports, depending on
learners’ infrastructure. Although supports for online learning was re-
ported as a challenge regardless of country income, learners in high
income countries could apply for relevant support, such as in the UK
where laptops or alternative printed resources were distributed (OECD,
2020). Connectivity has been a pertinent factor among learners in high
income countries, and even more so in low-and-middle-income coun-
tries (Dhawan, 2020; see also Aboagye et al., 2021; Baticulon et al.,
2021; Chang & Fang, 2020; as cited in Mseleku, 2020). Covid almost
undoubtedly increased online learning in countries where infrastructure
met some threshold of strength and, in turn, prompted an improvement
of learners’ readiness for online learning. However, Covid equally
decreased online learning where infrastructure was weak such that
readiness for online learning was not touched, let alone improved at all.
Accordingly, it was deemed essential for this global event to be included
and reported in the present analysis.

Although the Pandemic prompted numerous within-pandemic re-
view (e.g., Dhawan, 2020) and perception (e.g., Yates et al., 2021)
studies on forced online learning through emergency school closure,
little-to-no research has investigated the ‘Covid effect’ via longitudinal,
objective data that accounts for change over time. This is another sig-
nificant contribution of the present research.
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1.4. The gender effect on online mathematics learning

Gender differences are well established in mathematics learning.
Although girls have typically been found to achieve more highly than
boys (for a meta-analysis, see Voyer & Voyer, 2014), they have also
shown a greater tendency towards math anxiety than boys (Casad et al.,
2015). Bring income inequalities into the equation and the female
disadvantage in math-related learning becomes stark, both in
high-income countries (Catsambis, 1994) and in LMICs (e.g., R. Liu
et al., 2020) — not least because of culture-specific views of girls’ re-
sponsibilities in the home on top of the greater strain faced more
generally by parents in LMICs (Putnick & Bornstein, 2016), although
there are between-country differences in gender norms across LMICs.

Similar patterns have been found in relation to educational tech-
nology, with a female advantage in learner engagement reported for
game based learning — along with a call for this pattern in game based
learning to be harnessed to address the wider gender disparities in Sci-
ence Technology Engineering and Mathemathics (STEM) education
(Khan et al., 2017). Correspondingly, girls have been found to spend
longer on, and to benefit more academically from, technology supported
learning (Reychav & McHaney, 2017). Furthermore, gender differences
have been reported with regard to preferences in and the use of online
environments (Lin et al., 2017). However, as with in-person environ-
ments, boys tend to display greater academic confidence as well as
satisfaction with the digital (Kilbourne & Weeks, 1997; Reychav &
McHaney, 2017) and online (Bruns, 2010; Guiller & Durndell, 2006)
learning environment.

Relatedly, gender differences in engagement with online learning
among LMICs were highlighted by the Pandemic: girls were found to
persist with distance education notably (though not significantly) more
than boys in a number of LMICs including Bangladesh and Jordan,
although the opposite gender pattern was found in Ethiopia (Jones et al.,
2021). Nevertheless, the general consensus is that a female disadvantage
prevails in terms of educational access and attendance, due to long-
standing cultural factors around the world where, when there are do-
mestic burdens to be shared by children, it is normally the girls who
must take these on (i.e., parental, teacher, community, curriculum;
Jafree, 2021): a pattern that has been observed in online learning (e.g.,
FutureLearn, Tronstad, 2021). The author is only aware of theoretical
(Mathrani et al., 2021) and review (Gnanadass & Sanders, 2018) studies
on gender disparities in online learning, such that the present research
makes a unique contribution by examining potential gender differences
found in online learning analytics.

1.5. Machine learning for online learning research

Data science has fast become relevant with the prominence of online
learning. Because such data was collected without an original intention
for research, and because of the number of data points typically con-
fronted (initial n = 54,842,787 in the present study), it should be treated
as big data. In order to make the most of potential insights from big data,
data mining can be employed to uncover unexpected insights and re-
lationships that exist in the data (Ratner, 2011). Machine learning is
particularly relevant for handling real-world data which do not neces-
sarily meet strict statistical assumptions: data from online learning
platforms are one such example. More than ever before, a vast array of
machine learning analytic solutions are now available to handle the
complexities of big data from the real-world, to optimise such data, and
to provide interpretable insights for applied research, especially when
heavily informed by domain (or theoretical) expertise: a detailed
repertoire of these capabilities and resources is demonstrated in the
present research.

1.6. Research objectives

The present study pioneered online learning research by examining
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the importance of cumulative experience in online learning as objec-
tively measured by learning analytics. It further pioneered by examining
features reflecting social inequalities: namely, country culture and in-
come, as well as gender. Moreover, the present research harnessed the
affordances of two traditions in data science (Chen et al., 2020; Rosé
et al., 2019): the theory-led and the data-led approach to data science.
To do this, model development started with features derived from theory
before selecting taking an entirely data-driven approach to feature se-
lection, and only doing so when theory-led features did not provide
enough explanation. Thus, rich insights were anticipated by imple-
menting this dual approach to online learning data.

The theory-led approach was taken by selecting themes and related
features (i.e., predictors) that are likely to play an important role in
online learning: these were cumulative experience, country setting, COVID-
19, and learners’ gender. Accordingly, the theory-led hypotheses were as
follows:

Hypothesis 1. Cumulative experience will develop expertise in online
learning within one particular platform and, as such, will predict
increasing learning outcomes.

Hypothesis 2. Given country differences in the infrastructural, aca-
demic, and socioemotional supports for online learning, the country
setting will be found to relate to online learning outcomes.

Hypothesis 3. The online learning necessitated by the emergency
school closures during COVID-19 are likely to predict a spike in online
learning outcomes.

Hypothesis 4. Given the tendency for boys to receive stronger
educational support than girls, a male advantage was expected in
learning outcomes.

Hypothesis 5. There was an additional research expectation for data-
led feature selection to identify unanticipated features that have
importance in predicting online learning outcomes.

2. Method

The full research process is visualised in Appendix 1.

Secondary data analysis was conducted on data from an online
learning environment by Maths-Whizz called Whizz Education.? Whizz
Education is an online intelligent tutoring system covering 22 age-
appropriate topic areas in Mathematics (see Supplementary Material
1), which break down into 1222 lessons, each with its own learning
objectives (Supplementary Material 2). Additionally, a sample dataset is
available in Supplementary Material 3.

Log files shared from this platform spanned the years 2016-2020
inclusive. Each data point from this platform represented one completed
lesson, which involved exercise and a test. For each lesson datapoint, an
anonymised pupil ID was provided, and each pupil was linked with an
anonymised school ID. Although the laptop was data science ready (see

2 To provide further information about the platform, it was used by part-
nering schools as an additional learning resource for students, though not
normally as part of metrics for students’ academic performance in schools.
Accordingly, students will at times have learned the topics in class before
attempting the questions on the platform. However, students of partnering
schools are also able to access the platform at home and home access to the
platform will have applied to all uses of the platform during the Pandemic’s
school closures. During platform use, it was not mandatory for students to
complete all the questions in order to progress onto subsequent exercises or
lessons: they simply had to attain sufficient marks and exceed a threshold (i.e.,
pass) in order to attempt the next exercise or lesson — hence the feature, run
mode, which relates to whether the student has jumped forward or if the ‘tutor’
had jumped them backwards to revise previous materials. Further details of the
platform, including examples of the lessons, can be found via www.whizz.
com/maths-games.


http://www.whizz.com/maths-games
http://www.whizz.com/maths-games
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Table 1
Feature dictionary, with all features initially included in analysis (i.e., Phase 2 model development).
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Feature name

Feature explanation

Feature engineering process

1 topicld Topic identifier (22 topics in total)

2 mathLevel Academic difficulty of the lesson (not level of the child). The academic difficulty was framed in terms of the
academic age targeted by a lesson and was divided by quarters of a year (i.e., one year divided into 0.25,
0.50, 0.75, and 1.00)

3 exerciseld Within each quarter, exercises were sequenced in order of difficulty and ranged from 100 to 1000 (i.e., 100,
200, 300, etc.), incrementing at intervals of 100 within each quarter then resetting at the next quarter.

4 stackDepth The feature, stackDepth, related to the lesson’s mode, with the default value being stackDepth = 1 to
signify progression,; if a learner failed a default, progression lesson, they would regress to a simpler exercise
in to a lesson mode with stackDepth = 2; failing that, the learner would be regressed further to even simpler
exercise at stackDepth = 3. If the learner passed the stackDepth = 3 exercise and test, they would move
back to complete the exercise and test at stackDepth = 2 then, if they pass that test, return to the lesson at
stackDepth = 1.

5 timeTaken How long the learner took to progress from beginning of lesson to the end, including the exercises and test.

6 questionTime How long the learner took to complete the exercise questions.

7 tutorialTime How long the learner took to complete the tutorial as a whole.

8 totalQuestions The number of questions that the learner attempted in that lesson.

9 lesson_type The default progression tutor exercise, regression tutor exercise, replay exercise, tutor test.

10  total help The number of times help was sought by the learner.

11 replay A summary feature indicating whether the lesson was a standard, progression one, or whether the learner
was repeating the lesson for whatever reason.

12 markedYear 2016, 2017, 2018, etc.

13 markedMonth January = 1, February = 2, etc.

14  markedWeek 1 to 52 for each calendar year

15  since_covid 1 =2020; 0 = 2016 to 2019

16  Male Dummy variable (or one-hot coding)

17  Female Dummy variable (or one-hot coding)

18  play_count The total number of lessons completed by each learner

19  indiv pupil t The cumulative lesson count for each learner

20  birthYear Year of birth

21  birthMonth Month of birth

22 pupil ageQuart  The learner’s age in quarters. That is, year + quarter, e.g., 12.25 for 12 years and a quarter; births between
January and March were quarter = 0, births between April and June were quarter = 0.25, etc.

23 mathAbility Learner academic age. For example, a learner with pupil ageQuart = 12.25 years who is attempting a
lesson with mathLevel = 9.25 will be showing the mathAbility of +3 years.

24 Kenya Dummy variable (or one-hot coding). 1 = Kenya, 0 = UK or Thailand

25 UK Dummy variable (or one-hot coding). 1 = UK, 0 = Kenya or Thailand

26 LMIC Dummy variable (or one-hot coding). 1 = LMIC (Kenya or Thailand), 0 = HIC (UK)

27  InCountryDep 1 (least deprived) to 3 (most deprived) using country-specific deprivation codes as applied at school level.

Missing data were replaced by the sample-level mean (i.e., 2.08) and rounded to the nearest integer (i.e., 2).
Additional notes:

The UK deprivation status was calculated using the Index of Multiple Deprivation 2019 (IMD2019, Penney,
2019). This is a decile index which was split into three bins using the Pandas cut function. The Kenyan
deprivation status came as a three-level feature, with urban being the most well-resourced, rural as
middling, and hardship as the least well-resourced learners. The Thai deprivation stati came as a three-level
feature: private or independent schools were rated to be the most well-resourced, followed by provincial
public schools, and rural public schools as the least well-resourced.

None; from log file
None; from log file

None; from log file

None; from log file

None; from log file
None; from log file
None; from log file
None; from log file
None; from log file
None; from log file
None; from log file

Computed from log file variable, marked (e.g.,
30/01/2020 07:40)

Computed from log file variable, marked (e.g.,
30/01/2020 07:40)

Computed from log file variable, marked (e.g.,
30/01/2020 07:40)

Computed from log file variable, marked (e.g.,
30/01/2020 07:40)

Dummy generated from gender (original
variable)

Dummy generated from gender (original
variable)

Computed from log file variable,

anonymised pupil id (e.g., 88873931)
Computed from log file variable,
anonymised_pupil id

Computed from log file variable, date_of birth
(e.g., 01/01/2006)

Computed from log file variable, date_of birth
(e.g., 01/01/2006)

Computed from log file variable, date_of birth
(e.g., 01/01/2006)

Computation: pupil ageQuart - mathLevel

Computed using Kenya data file as reference
Computed using UK data file as reference
Computed from Kenya and Thailand
Computed from log file variable, deprivation

Apparatus for details), a random subsample of n = 5000 (seed = 1) still
needed to be taken from the whole sample of n = 54,842,787, in order to
enable the computational processing demands of the large dataset and
advanced analyses implemented in this study. Note that the wisdom in
random sub-sampling for data mining is recognised in the field (Attewell
& Monaghan, 2015; Bouckaert & Frank, 2004; King & Resick, 2014;
Ratner, 2011; Sculley & Pasanek, 2008).

2.1. Participants

The Maths-Whizz Tutor by Whizz Education is designed for and
accessed by learners aged between 5 and 13 years. The platform is
available for use in schools and in the home: during the COVID-19

pandemic, data was collected solely from the home context for a sig-
nificant period, whereas it was collected from both schools and homes
before onset of the pandemic. Within the random subsample of n =
5000, n = 2581 were male and n = 2418 were female.

The platform is available to multiple countries, three of which were
sampled in the present analyses: namely, Kenya, Thailand, and the UK.
Thus, two low-and-middle-income countries (LMIC; i.e., Kenya and
Thailand) and one high-income country (the UK) were sampled,
enabling between-culture (Kenya vs. Thailand vs. the UK) and between-
income-status (Kenya and Thailand vs. the UK) comparisons. Within the
random subsample of n = 5000, n = 1755 data points were from Kenya,
n = 1128 were from Thailand, and n = 2117 were from the UK.

This data was not publicly available: rather, a partnership was
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Fig. 1. Correlations between potential features and learning outcome (lesson mark). Transformed data are represented here.
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Fig. 2. Bar plot of feature importance of features in the final model, using mean absolute Shapley values. Panel A shows the features ordered from the most important
to the least, in the final model. Panel B shows the features are generally ordered in the same way, but with clustering where features are related to each other.

Transformed data are represented here.

formed between the present author and Maths-Whizz to conduct the
present analyses, with support from Maths-Whizz colleagues to obtain
the necessary data for relevant feature engineering. Thus, by agreement
to collaborate and following conversation with the company CEO,
Maths-Whizz gave consent to participation in this research. Addition-
ally, since this is analysis of secondary data in which no living persons
were identifiable, no institutional ethics approval was required.

2.2. Analytic tools

Data science laptops were used for this analysis: MSI Stealth, NVIDIA
RTX 3060 GPU, 16 GB RAM, 2.60 GHz, 500 GB SSD (laptop 1); Dell
Precision 7560, NVIDIA RTX A5000, 32 GB RAM, 4.80 GHz, 1 TB SSD

(laptop 2). On it, Jupyter Notebook was used during most of the data
pre-processing and feature engineering as the Python environment of
choice before Google Colab was locally hosted for further pre-processing
and all of the analyses reported in this article. The notebook for the
present data analyses is available upon request from the author.

The Python libraries used for the present analyses include Vaex as the
platform for handling the full dataset which was stored and manipulated
in hdf5 format. Some pre-processing of the whole dataset was applied to
the whole dataset in Vaex and as hdf5 files for speed (Breddels & Vel-
janoski, 2018), but more major data manipulation (e.g., data joining,
conditional selection for generating new features) was performed in
Pandas (McKinney, 2010). During feature generation, Numpy (Harris
et al., 2020) was used in parallel with both Vaex and Pandas. Data was
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Fig. 3. Collective force plot showing the overall effect of all features included in the final model, using absolute mean Shapley values. As the graph progresses to the
right, effects of the most important features for each individual learner are shown. Features that push the prediction higher (to the right) are shown in red, and those
pushing the prediction lower are in blue. The x-axis shows participant number, ordered by similarity for this plot. Panel A gives a snapshot of the features that
generally reduce lesson mark; Panel B shows a snapshot of features that increase lesson mark. Transformed data are represented here. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)

converted to DMatrix format via sklearn (Pedregosa et al., 2011) for
memory efficiency and to enable training speed during extreme gradient
boosting in XGBoost (Chen & Guestrin, 2016) which was run after linear
and regularised regression (see Analysis and Results for details). The
sklearn (Pedregosa et al., 2011) library was used to run linear regres-
sion, elastic net cross-validation, regression with elastic net penalty,
lasso cross-validation, and regression with lasso penalty. Shapley values
and related visualisations were obtained through shap.Explainer
method from the SHAP library (Lundberg & Lee, 2017).

2.3. Measures

The outcome variable was lesson_mark which had a maximum score
of 100 for each lesson. This has a maximum of 100 for each lesson. To
formula for lesson_mark is as follows: lesson mark = 100 x score/total
number of questions attempted for this lesson. The questions may have
been part of lesson exercises, or lesson tests.

2.3.1. Features

All the features available for selection in this analysis are listed in
Table 1: all of these were initially included in Phase 2 for data-led
feature selection and model development, whereas only cumulative
experience, country, gender, and since_covid were included in Phase 1 for
the theory-led feature selection.

More specifically, In Phase 1, the analytic model was theory-led and

based on the author’s domain expertise, the established literature for
identification of the most important constructs, and the most robust
measures in my data as representatives of the most relevant constructs
identified from initial data analysis when theoretically significant fea-
tures were noted. Thus, through a theory-led perspective on the initial
data exploration, priority was given to theoretical significance and an-
alytic parsimony. Accordingly, the features were cumulative experience
(indiv pupil £*), country (Kenya dummy, UK dummy; the Thailand
dummy was not needed in analytic model since Kenya = 0 and UK =
0 means Thailand = 1), since_covid, and gender (Male dummy; the Female
dummy was not needed since Male = 0 means Female = 1). The outcome
variable was lesson mark throughout model development.

Next, in Phase 2, the data-led approach to model development began
with data-led feature selection. The feature selection methods are re-
ported in full, in Appendix 2. To begin with the variables available for
feature selection excluded variables that represented the same construct
as the target variable, lesson_mark. Therefore, indiv pupil t was excluded.
Also excluded were string variables such as marked and date of birth,
which served as the bases of engineered features such as marked year
and pupil ageQuart. The variables, Country and gender, were made
redundant by use of the dummy variables relating to each: namely,
Kenya and UK replaced country and Male replaced gender in the analytic
model. Thus, 26 variables were available for feature selection during
Phase 2, the data-led model development. These were: topicld, mathLe-
vel, exerciseld, stackDepth, timeTaken, questionTime, tutorialTime,

3 With parsimony being a priority in the theory-led model, one feature was
chosen for each construct. The feature, indiv pupil t, was chosen to represent
cumulative experience instead of play count for the theory-led model because
indiv_pupil t captures learners’ change over time and, as such, better represents
intra-individual variation than play count which consists of the same value for
each of the learner’s data points.
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Fig. 4. Decision plot of feature importance, using mean absolute Shapley values. The model output value is the learning outcome (lesson_mark). Features that push
the prediction higher (to the right) are shown in red, and those pushing the prediction lower are in blue. The fainter a line, the fewer learners it represents.
Transformed data are represented here. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

totalQuestions, lesson_type, total help, markedYear, markedMonth, mar-
kedWeek, Male, mathAbility, pupil ageQuart, birthYear, birthMonth, replay,
Kenya, UK, LMIC, indiv pupilt, play count, since covid, InCountryDep.
Again, the outcome variable was lesson mark. Correlations between
learning outcomes (lesson_mark) and the 26 potential features are shown
in Fig. 1.

2.3.2. Outcomes

To assess the value of each feature in explaining the outcome (les-
son_mark), feature importance analysis was conducted. Feature impor-
tance is crucially different from correlations in that, rather than seeking
to understand how much of the total variance one predictor explains,
feature importance analysis assesses each feature (or predictor) in
relation to all the other features included in the final model for
explaining the outcome. To report analytic insights from the final model,
Shapley values were computed for interpretable feature importance,
followed by Shapley interaction values in order to understand between-
feature relationships (Aas et al., 2021; Rodriguez-Pérez & Bajorath,
2020). In doing so, analytic outcomes arising from the ‘black box’ of
extreme gradient boosting can be mapped onto substantive concepts and
enable theoretical contribution from the present research.

2.3.2.1. Explainable machine learning. Shapley values are one form of
feature attribution methods in explainable machine learning. Attribu-
tion methods are feature-by-feature evaluations of the feature’s contri-
bution to an outcome variable. Note that the explanations do not claim
to provide causal attributions, but rather contrastive ones—ones which
the most important, select causes of an event relative to other possible

causes (or features) available. Thus, interpretable machine learning
analysis would not ask ‘how’ something happened, but rather ‘why’ it
did. Shapley values enable this.

“The goal of SHAP is to explain the prediction of an instance x by
computing the contribution of each feature to the prediction. The SHAP
explanation method computes Shapley values from coalitional game
theory. The feature values of a data instance act as players in a coalition.
Shapley values tell us how to fairly distribute the ‘payout’ (i.e., the
prediction) among the features” (Molnar, 2021, Section 9.6.1.). To
assess this, each feature in the present analysis was assessed by four
axioms: marginal contribution, or how much is lost by removing the in-
dividual feature from the ‘game’ (or prediction, Axiom 1); interchange-
able value, the extent to which the features brings the same amount as
other features in which case these features share the same value (or
‘reward’, Axiom 2); dummy players, the extent to which the individual
feature contributes nothing, in which case these features are attributed
to have zero value (Axiom 3); multiple parts, the complexity of the ‘game’
(or prediction) is taken into consideration and value is attributed ac-
cording to and across the complexity (e.g., value is not attributed in the
same way every time and is reviewed regularly for potential adjust-
ments, Axiom 4). Thus, Shapley values indicate “how to be smart in
competitive situations, and how to be fair in cooperative situations”
(Noah’s Ark 2.0, 2020).

In data science, the Shapley value assumes that every feature con-
tributes to the prediction to some degree. The full prediction by all
included features is equally distributed to every feature in the model.
Consequently, the Shapley value for a feature is not only an indication of
how much an outcome value changes when the feature is added. It also
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indicates how this feature changes all features’ average contributions during
the process of the model being built feature-by-feature until it reaches
the output of the final model (i.e., the model being interpreted). The
actual model prediction, with the current feature included, is compared
with these features’ mean prediction of the outcome variable. In this
way, the Shapley value explains the difference between the single fea-
ture’s prediction and the global average prediction of the outcome value:
that is, in relation to all possible coalitions (or all possible groups of
features).

One advantage of Shapley values is that they offer uniquely human
explanations of models when compared with alternative model inter-
pretation metrics such as Local Interpretable Model-agnostic Explana-
tions (LIME) which target the difference between the prediction and a
local average prediction: that is, for the specific instance of the prediction
in question (Aas et al., 2021). In contrast to such local attribution
methods, Shapley Values provide explanations that extend beyond the
current, local context and prediction, but reaches globally across the
data and across the combinations of features in the model.

Furthermore, absolute Shapley values were used in this research.
This is in accordance with simulation outcomes comparing

performances of the original Shapley value with the absolute Shapley
value for classic machine learning analyses, including regression. The
absolute Shapley value outperforms, when it comes to feature impor-
tance evaluation (Liu, 2020).

Feature clusters are reported alongside individual feature impor-
tance analysis or feature interaction analysis as appropriate. For this,
hierarchical clustering is used, whereby features with distance = 0 are
redundant (i.e., can replace the other[s] and the model still attains
comparable performance [i.e., accuracy]) and those with distance = 1
are independent of each other. The feature clustering bar plot in Fig. 2
(Panel B) shows clustering at distance = 0.9 (Lundberg, 2018). The
chosen clustering threshold is near-independent. Therefore, clustering
was used to support interpretation of the final model, rather than for
model development.

2.3.3. Performance evaluation

Performance evaluation during model development was carried out
using the root mean squared error (RMSE) and Adjusted R? values. In
contrast to other metrics (e.g., accuracy, f-scores, AUC — ROC), these
measures are appropriate to regression models. The RMSE is the square
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Table 2

Data-led model development, containing all features initially included in the
data-led model for model development. Coefficients that emerged from the
regularised regression with the Lasso penalty when predicting math learning
(lesson_mark), in descending order of coefficient size.

Feature Coefficient
1 lesson_type —0.29575
2 totalQuestions 0.240236
3 total_help —0.2224
4 exerciseld 0.127881
5 mathLevel —0.12053
6 questionTime 0.082319
7 replay —0.08203
8 stackDepth —0.05057
9 tutorialTime 0.047677
10 mathAbility —0.04253
11 indiv_pupil_t 0.041615
12 Kenya —0.03517
13 markedYear 0.02604
14 birthMonth —0.02411
15 play_count 0.015164
16 UK —0.01038
17 markedWeek 0.009218
18 topicld —0.00719
19 InCountryDep —0.00297
20 birthYear 0
21 pupil_ageQuart 0
22 LMIC 0
23 markedMonth 0
24 timeTaken 0
25 since_covid 0
26 Male 0

Table 3
Shapley values for all the features in the final model for predicting lesson_mark.
M SD min max

totalQuestions 0.284809 0.417596 8.84E-05 2.085259
lesson_type 0.251696 0.119971 0.003476 0.7339
total_help 0.162096 0.167613 0.003197 1.322545
questionTime 0.089857 0.101445 4.98E-05 1.195895
topicld 0.088402 0.061777 0.000525 0.472555
play_count 0.079801 0.072169 7.46E-05 0.461696
indiv_pupil_t 0.078404 0.068885 0.000171 0.490393
mathLevel 0.074632 0.061395 0.000112 0.384514
mathAbility 0.062186 0.063527 4.90E-05 0.586204
tutorialTime 0.052018 0.038008 1.17E-05 0.478691
markedWeek 0.044057 0.040454 1.46E-05 0.316812
birthMonth 0.041914 0.04144 0.000146 0.305351
exerciseld 0.035904 0.031779 2.79E-05 0.267847
Kenya 0.026703 0.022954 6.44E-05 0.206519
markedYear 0.024229 0.02035 1.10E-05 0.145523
UK 0.015709 0.019257 2.11E-06 0.223571
replay 0.003474 0.009204 1.36E-06 0.133414
stackDepth 0.002671 0.00997 1.16E-06 0.145441
InCountryDep 0.000987 0.002744 6.55E-06 0.05387

root of the average of the squared difference between the target value
and the value predicted by the regression model, whilst the Adjusted R?
is the squared percentage of variation described the regression line. The
RMSE was chosen rather than the MSE, in order for the performance
measure to align with that of the response variable, thus improving
interpretability of the performance value. The Adjusted R? was chosen
rather than the raw R2, in account for the number of parameters and the
sample size, thus resolving the impact of the sample size on the per-
formance value. The use of these metrics during model development is
fully document in Appendix 2.

2.4. Analysis

The outcome variable was lesson mark throughout model develop-
ment. Out of the full sample of n = 54,842,787, a random sample of n =
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5,000 (random seed = 1) was used in analyses.

Prior to model development, a baseline model was set up with the
outcome variable, lesson_mark, being predicted by its mean. Following
this, model development commenced. During both theory-led (Phase 1)
and data-led (Phase 2) model development, simple linear regression
models were run first. These were then regularised to adjust for non-
linear features and distributions: grid search cross-validation (rather
than randomised search cross-validation; Worcester, 2019) was used
first with elastic net penalty then with the Lasso penalty as appropriate.”
Subsequently, extreme gradient boosting (a.k.a. XGBoost, Chen &
Guestrin, 2016) was employed to maximise the computational resources
available for peak speed and model performance (i.e., predictive per-
formance). XGBoost models underwent automated hyperparameter
tuning via grid search cross-validation (Worcester, 2019), followed by
final manual hyperparameter tuning.

The outcome of the model development was the final analytic model
discussed in the Results below. Its full development record is reported in
Appendix 2.

3. Results

The analytic outcomes from the final model are now reported.
Overall patterns of the final model are reported first, with plots pre-
sented in order of within-feature granularity. Analytic outcomes are
then organised by features. The features that were identified for analysis
through theory are reported first (i.e., features from the theory-led
model; Hypotheses 1 to 4). The features that emerged as most impor-
tant from data-led development are then reported upon (Hypothesis 5).
Finally, feature interactions according to SHAP interaction values are
examined. At times, figures will show subsamples of individual feature
importance: these are then further subsampled from in the narrative,
with particular focus on conceptual contribution to the field from the
final model in this analysis.

3.1. Overview of analytic outcomes

The collective force plot for the model (Fig. 3) shows that, among
most learners, features in the final analytic model contribute to the in-
crease and improvement of learning outcomes (lesson mark), although
some decrease learning outcomes. Panel A suggests that the features
potentially contributing to the decrease of learning outcomes (lesson_-
mark) include mathLevel, play count, and totalQuestions. Meanwhile,
Panel B shows lesson type and topicld contribute to the increase of
learning outcomes, as does indiv_pupil t according to Panel A. The sub-
sequent analysis will shed more light on individual analyses.

The decision plot (Fig. 4) provides an overview of feature importance
in the final model. It shows the distribution of feature importance and
allows some between-feature comparison in terms of importance level
and within-feature importance variability. Typically, the most impor-
tant features are found to also be the most heterogeneous in terms of
within-feature importance variability. These are totalQuestions, lesson. -
type, total help, questionTime, and topicld.

Similarly, the summary plot (Fig. 5) shows the features in order of
importance, but it provides greater granularity regarding the within-
feature distribution of feature importance. Indeed, some of the most
important features, totalQuestions, total_help, and questionTime show the
greatest dispersion. Additionally, some lesson _types distinctly push the
prediction of learning outcomes higher (in red) whereas others distinctly
push it lower (in blue). The narrative below continues with further
discussion of lesson_type in its effect on learning outcomes.

4 In the data-led model development (Phase 2), feature selection was carried
at this stage when the cross-validation with Lasso penalty was taking place.
Features emerging with coefficient values that were above the absolute zero
were brought into the next stage of the model development.
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Fig. 7. Changes in online learning outcomes as the years (marked-
Year) progressed.

3.2. Individual feature analysis

Features emerging from the theoretical framework were those
included in the theory-led model and will be examined first, followed by
the most important features to emerge from the final model which was
data-led. The means (M) and standard deviations (s.d.) reported are for
the absolute Shapley values to emerge from the final, data-led XGBoost
model.

3.2.1. Theory-led features

Of the theory-led features, cumulative experience as measured by
indiv pupil t (i.e., the cumulative lesson count for each learner) was
included in the final model (Table 2, feature 11) from the cross-
validation with Lasso penalty. It was found to have the feature impor-
tance of absolute Shap M = .08 (s.d. = 0.07, Table 3). A feature related to
indiv_pupil t was also selected for the final model: namely, play._count (i.

e., summed platform experience), which was also found to be one of the
most important features for predicting learning outcomes (lesson mark,
M = 0.08, s.d. = 0.07). Moreover, hierarchical clustering revealed these
two measures to cluster together, along with totalQuestions® (total
number of questions attempted during that lesson). Thus, the hypoth-
esised importance of cumulative experience and related constructs in
online learning found support in the final model.

Country had been hypothesised to play an important role in pre-
dicting learning outcomes. Indeed, an overall country effect was sup-
ported by the feature selection process, when country variables qualified
to be included for the data-led model (Table 2): namely, Kenya, UK, and
InCountryDep. Furthermore, two country features, UK and Kenya, were
found to cluster together, giving credence to the overall importance of
country setting in the potential for learners to benefit from online
learning, as well as the importance of LMIC status (Fig. 2B). The within-
country deprivation level (InCountryDep) emerged to have the absolute
Shapley value M = 0.00099, s.d. = 0.0027. The surprise, however, is in
the positive prediction of both country dummies (Kenya, M = 0.02, s.d.
= 0.02; UK M = 0.02, s.d. = 0.02), suggesting an overall Thai disad-
vantage which is supported by Fig. 6 (lesson mark ~ country scatterplot)
in which Thai learners appear to make the lowest learning gains out of
the three countries sampled in the present analyses. It is notable that
LMIC status does not feature in the final model. Altogether, the effect of
country on online learning outcomes seems to be at within- and
between-country level rather than at between-continent level.

The anticipated Covid effect was not seen in the final model via the
primary feature, since_covid, which did not qualify to be selected as a
feature in the final model (Table 2, feature 25). However, markedYear
was a related feature for the same concept and it did qualify in feature
selection either (Table 2, feature 13), emerging with some importance
(M = 0.02, s.d. = 0.02), lending some support to the hypothesised
importance of Covid in predicting online learning outcomes (Fig. 7).

The expected gender effect was not found (Table 2, feature 26).

3.2.2. Data-led features

Based on the final, data-led model, the most important features
include totalQuestions (i.e., the number of questions attempt during the
lesson; M = 0.28, s.d. = 0.42), lesson_type (M = 0.25, s.d. = 0.12), and
total help (M = 0.16, s.d. = 0.17; Fig. 8).

5 Note that the feature, play._count, was not found to cluster with indiv pupil_t
and totalQuestions until the distance was set at 0.9.
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Fig. 9 shows the relationship between learning outcomes and total
Question’s, alluding to the importance of within-lesson engagement.

Fig. 10 shows the relationship between lesson type and learning
outcomes: replay lessons led to the best learning outcomes, followed by
tutor pb (i.e., tutor playback, or jumping backwards through tutor ex-
ercises), then skip_lesson which resulted in the lowest lesson marks (see
also Fig. 8b). The feature, total help (M = .16, s.d. = 0.17) is third most
important and seems to have an optimal number of help requests before
help-seeking ceases to support learning outcomes (Fig. 8c). In particular,
it appears that students can ask for too much help, even from the first
help requests onwards (Fig. 8c).

3.3. Feature interactions

Table 4 shows the top 70 feature interaction pairs. Fig. 11 shows the
top 20 interactions. However, the remainder of the Results section will
discuss the features that interacted with the theory-led features in the
final model (that is, the three that found support from the final model),
followed by the top six interacting feature pairs, which are also those
with Shap interaction values (¢) of .05 and above (see Table 4).

3.3.1. Interactants with theory-led features

Upon inspecting the top 70 interacting feature pairs (Table 4), the
importance of cumulative experience (indiv pupil t) and summed plat-
form experience (play count) could be found to form 12 interacting
features pairs with ¢ > 0.03. These are shown in Fig. 12. Among these,
cumulative experience (indiv pupil t) particularly combines with ques-
tionTime to push learning outcomes higher (¢ = 0.04). Cumulative
experience (indiv_pupil t) also combines with higher levels of math dif-
ficulty (mathLevel), where greater experience combines with math dif-
ficulty to push learning outcomes higher (¢ = 0.03). Additionally,
summed platform experience (play count) can be observed to push
learning outcomes lower with increasing mathAbility, suggesting that
with increasing mathAbility, less platform experience is required (¢ =
0.03).

From Table 4, country could be found to predict learning outcomes
with three potential interactants (Fig. 13). Learners being situated in
Kenya were more likely than those outside of Kenya to predict
decreasing learning outcomes when combined with summed platform
experience (play_count, @ = 0.02). On the other hand, learners in the UK
display a propensity to increase learning outcomes as questionTime
increased (¢ = 0.01). This alludes to a LMIC-related disadvantage in
online learning.

The feature, markedYear, represented the Covid effect when the
since_covid feature failed to be selected for the final model. The ‘Covid
effect’ is the effect of emergency school closure resulting in the necessity
of engaging with online learning. When combined with increasing
questionTime (¢ = 0.02), indiv pupil t (¢ = 0.01), and play count (¢ =
0.01), increasing markedYear (i.e., closer to or during Covid) was linked
with decreasing learning outcomes (Fig. 14). Thus, the ‘beneficial’ effect
of Covid on online learning outcomes received some opposition when
combined with measures related to engagement (questionTime) and cu-
mulative experience (indiv pupil t, play_count).

3.3.2. Data-led feature interactions

To turn to the data-led perspective, the top six interacting features
are shown in Fig. 15. The feature, lesson type, emerged from the data-led
analyses to have particular importance in online learning outcomes: it
combined with fewer total helps, increasing totalQuestions, and shorter
questionTime to predict improving learning outcomes. The features, les-
son_type and tutorialTime had also been found to cluster together
(Fig. 2B), suggesting potential interaction between these features in
predicting lesson mark, although the feature pair’s Shap interaction
value did not support an interactive relationship per se.

Two interactions especially warrant discussion here. As total-
Questions increased, learning outcomes decreased: that is, until total help
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Fig. 9. Scatter plot showing how totalQuestions was related to learning outcomes (lesson mark). Untransformed data are represented here.
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Fig. 10. Lesson type was a significant feature in predicting students’ learning
outcomes (leson_mark), according to mean absolute Shapley values. This figure
breaks down the lesson types that featured in a random subsample (n = 1000)
of the current data set. Note that tutor_pb refers to tutor playback: that is,
jumping backwards through tutor exercises. Untransformed data are repre-
sented here.

occurred, which saw improving learning outcomes (¢ = .18). Shorter
questionTime combined with shorter timeTaken to predict decreasing
learning outcomes; in contrast, learning outcomes improved as both
features increased. These had also been found to cluster together
(Fig. 2B), supporting potential interaction between these features in
predicting lesson_mark.

4. Discussion
The present machine learning analysis combined the theory-led

approach to data science with the data-led approach. For this, features
were derived from theory only during initial model development. When
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proven necessary, a data-led approach was employed in feature selec-
tion during subsequent model development. The narrative for the final
model’s analytic outcomes then started with the theory-led features
(Hypotheses 1 to 4) before turning to features that have emerged to be
important from the data-led model development (Hypothesis 5). By
bringing both traditions together in the present data mining, rich in-
sights have emerged to largely support the theory-led hypotheses
regarding online learning, but also to supplement these with some un-
expected feature patterns from the data-led perspective.

4.1. Developing expertise through cumulative online learning experience
(Hypothesis 1)

Deliberate practice is a core dimension to developing expertise. The
importance of cumulative experience (indiv pupil t and play_count) in
online learning found support from the present research. The more
lessons learners attempted, the better their learning outcomes were over
time. This aligns with prior research, wherein skill-related expertise has
been observed to develop in a context-specific manner (e.g., Sternberg,
2001a): the more deliberate practice in the ‘context’ of one online
learning environment, therefore, the better the learner’s effectiveness in
navigating and benefitting from that environment. Thus, cumulative
experience in online learning has been shown to resemble deliberate
practice which, in turn, develops expertise. Moreover, the present online
environment provides instructor feedback. Tutor-initiated playback and
replay (i.e., lesson type) led in their importance to online learning out-
comes, lending further support for cumulative exposure to online
learning environments as deliberate practice for developing expertise (i.
e., learning outcomes, Fig. 16).

Indeed, effective deliberate practice typically involves the support
from resources such as teachers or tutors (Ericsson et al., 1993). Another
component of deliberate practice was given prominence in the final,
data-led model: namely, the number of questions attempted in a lesson
(totalQuestions). Correspondingly, skipping lessons (lesson type) was
associated with decreased learning gains. Altogether, “engagement in
activities specifically designed to improve performance in a domain”
(Meinz & Hambrick, 2010, p.914) is yet another expression of deliberate
practice and has been found in this study to have importance in devel-
oping expertise. Thus, the online learning platform featured in this study
does not involve mindless practice (Ericsson, 2018). Rather, cumulative
experience with online learning in this study has been seen to resemble
and reap the benefits of deliberate practice for developing expertise.
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Table 4

The top 70 SHAP interaction values.

Feature Shap interaction value cum_diff

1 total_help * lesson_type 0.1
2 totalQuestions * lesson_type 0.07 —0.04
3 questionTime * lesson_type 0.06 0
4 play_count * indiv_pupil_t 0.06 0
5 total_help * totalQuestions 0.06 0
6 mathAbility * lesson_type 0.05 —0.01
7 questionTime * mathLevel 0.04 —0.01
8 indiv_pupil t * questionTime 0.04 0
9 indiv_pupil_t * totalQuestions 0.04 0
10 indiv_pupil_t * lesson_type 0.04 0
11 topicld * lesson_type 0.03 0
12 birthMonth * mathAbility 0.03 0
13 mathLevel * lesson_type 0.03 0
14 indiv_pupil t * mathAbility 0.03 0
15 questionTime * totalQuestions 0.03 0
16 topicld * mathLevel 0.03 0
17 indiv_pupil_t * mathLevel 0.03 0
18 topicld * questionTime 0.03 0
19 tutorialTime * totalQuestions 0.03 0
20 play_count * mathAbility 0.03 0
21 play_count * mathLevel 0.03 0
22 markedWeek * questionTime 0.03 0
23 topicld * play_count 0.03 0
24 mathAbility * questionTime 0.03 0
25 play_count * questionTime 0.03 0
26 mathAbility * mathLevel 0.03 0
27 markedWeek * play_count 0.03 0
28 topicld * indiv_pupil t 0.03 0
29 topicld * totalQuestions 0.03 0
30 play_count * totalQuestions 0.03 0
31 questionTime * exerciseld 0.03 0
32 tutorialTime * questionTime 0.03 0
33 questionTime * total_help 0.03 0
34 topicld * mathAbility 0.02 0
35 topicld * markedWeek 0.02 0
36 topicld * birthMonth 0.02 0
37 topicld * exerciseld 0.02 0
38 birthMonth * questionTime 0.02 0
39 play_count * exerciseld 0.02 0
40 markedWeek * indiv_pupil t 0.02 0
41 markedWeek * mathAbility 0.02 0
42 markedWeek * birthMonth 0.02 0
43 markedWeek * mathLevel 0.02 0
44 play_count * birthMonth 0.02 0
45 mathLevel * totalQuestions 0.02 0
46 birthMonth * indiv_pupil t 0.02 0
47 birthMonth * lesson_type 0.02 0
48 play_count * lesson_type 0.02 0
49 tutorialTime * total_help 0.02 0
50 markedYear * questionTime 0.02 0
51 play_count * Kenya 0.02 0
52 mathLevel * exerciseld 0.02 0
53 mathLevel * total_help 0.02 0
54 mathAbility * tutorialTime 0.02 0
55 markedYear * indiv_pupil_t 0.01 0
56 indiv_pupil t * exerciseld 0.01 0
57 play_count * tutorialTime 0.01 0
58 birthMonth * markedYear 0.01 0
59 topicld * total_help 0.01 0
60 UK * questionTime 0.01 0
61 play_count * markedYear 0.01 0
62 birthMonth * mathLevel 0.01 0
63 mathAbility * exerciseld 0.01 0
64 mathAbility * totalQuestions 0.01 0
65 topicld * tutorialTime 0.01 0
66 tutorialTime * lesson_type 0.01 0
67 tutorialTime * mathLevel 0.01 0
68 topicld * Kenya 0.01 0
69 tutorialTime * exerciseld 0.01 0
70 indiv_pupil t * tutorialTime 0.01 0
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Contrary to previous findings which have posited help-seeking as a
positive and adaptive behaviour that is associated with learner confi-
dence (e.g., Nelson & Fyfe, 2019; Undorf et al., 2021), the present
research suggests that help-seeking may only be constructive to a very
limited extent since, after one help-seeking attempt, further
help-seeking predicted declines in learning. However, greater light can
be shed on the mechanisms of adaptive help-seeking behaviour for
developing expertise (i.e., improving learning outcomes) by future
clustering of learners represented by the present data in accordance with
their socio-cognitive profile such as those in the cited studies. Sequential
analyses can also be conducted on other online learning data to ascertain
the events that lead to adaptive versus maladaptive help-seeking. For
now, the present analyses suggest that independence and perseverance
are the winning traits for developing expertise in online learning, which
echoes the importance of independence in reading (e.g., Babbs & Moe,
1983) — a process closely related to online learning (Coiro, 2011; Leu
et al., 2018; Zhang & Duke, 2008).

Moreover, independence is an indicator of meta-cognitive capability
(Anderson, 2012), and the present analyses thus lend support to the
importance of metacognition for developing expertise in online
learning. Indeed, meta-cognition has been highlighted as a central
dimension of expertise development alongside deliberate practice, both
generally and for online learning. Sternberg (2001b) contended that
meta-cognition demonstrably improves with cumulative experience
with expertise being developed, in the context where the task is being
performed. Meta-cognition is particularly important for engagement
with online learning (Lang, 2021; Stevens, 2020).

Altogether, the final analytic model would suggest that expertise
development via online learning relies on cumulative experience on the
platform that resembles deliberate practice. On the present online
learning platform, deliberate practice involves engagement with the
tailored activities, reflection through the questions, and feedback from
the online ‘tutor’ who both indicates whether questions were handled
correctly as well as whether the learner is ready to progress onto the next
stage of learning. Accompanying such cumulative experience, there
must be meta-cognition which, in the present analyses, involves inde-
pendence and perseverance as opposed to continued and unhindered
help-seeking. This framework is summarised in Fig. 16.

4.2. Country factors in online learning outcomes (Hypothesis 2)

Country was predicted to have importance in the efficacy of online
learning. The present analyses found support for between-country dif-
ferences in the potential of developing expertise through online
learning. In particular, there seemed to be a Thai disadvantage in online
learning, wherein cumulative experience with online learning results in
the least expertise development. Therefore, potential culture-specific
differences in online learning are worthy of consideration. Cultural
differences in social orientation have been documented to correlate with
the degree to which children can sustain their own learning, or self-
regulate. So, learners from interdependent and collectivist cultures
were found to exceed those from independent, individualistic cultures in
self-regulation as measured by thought suppression (Seeley & Gardner,
2003). Yet, it is the learners in Thailand rather than those in less
collectivist cultural settings that have been shown to struggle with in-
dependent online learning: the Thai disadvantage might be explained by
the interpersonal core of collectivist self-regulation, in which the
interpersonal reference point is crucial in order for collectivist learners
to exercise self-regulation (Trommsdorff, 2010). Motivation is another
between-country factor: the collectivist online learner’s motivations for
engaging in online learning is more often extrinsic, compelled by others,
in contrast to the individualistic online learner’s motivation who un-
dertakes online learning for oneself rather than for others (Lim, 2004),
which provides further insight into the present Thai disadvantage in the
expertise development through online learning. Furthermore, Thailand
has been observed not only to be a collectivist cultural setting but also to
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Fig. 11. SHAP interaction values for predicting learning outcomes (lesson_mark), from the strongest interaction to the weakest. Only the top 20 interactions are

shown here. Transformed data are represented here.

have high power distance (Hofstede, 1986) — a characteristic that has
been used to explain Thailand’s exceptionally low English language
proficiency (Young, 2021), which itself may be further compounding
learners’ lesser gains made from online learning (Education First, 2021).

In addition, there was an expectation that LMIC status would explain
country differences in expertise development through online learning.
This expectation was challenged when the LMIC feature was not selected
for the final (data-led) analytic model. However, the Kenyan disadvan-
tage in benefitting from cumulative online learning experience found in
the interaction analyses, the Thai disadvantage found in the individual
feature analyses, as well as the UK advantage in making learning gains
through cumulative online learning experience, together, offer support
to the expected LMIC differences in developing expertise through online
learning. Unlike low-tech educational resources such as [BLINDED FOR
REVIEW][PRESENT AUTHORS], the technologically demanding nature
of online learning poses stark challenges to LMICs in which “power
shortage, weak internet connectivity, low internet coverage, and low
computer literacy” (Pasha et al., 2016, p. 225) dominate — especially in
individual households. Indeed, the strains and considerations are
comprehensive, if educational technology is to serve as well in LMICs as
in high-income countries (HICs): these include infrastructure, class
group integration, student technological capability, student engage-
ment, and the data collected for platform design and analytics (Kaye &
Ehren, 2021).

4.3. The effect of COVID-19 on developing expertise online (Hypothesis
3)

Learners had been expected to enjoy increased expertise develop-
ment through online learning when the COVID-19 pandemic prompted
universal online learning through emergency school closure. This was
not found to be the case from the most direct measure of the ‘Covid
effect’ available (since_covid). One reason for this null finding could have
been that only five months were sampled from the start of the pandemic
(i.e., from March to July 2020 in the countries sampled by this study)
within the since_covid feature. Had more time been sampled from the
start of the pandemic, then the potential for developing expertise
through online learning may have been more detectable as learners
establish their digital readiness for online learning which was limited
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among many learners, especially those in LMICs such as Kenya and
Thailand (Ahmadon et al., 2020, pp. 1-4; Akuratiya & Meddage, 2021).

Nevertheless, some support for the importance of COVID-19 was
found as online learning expertise development improved over the years
(markedYear). Since the Pandemic took place only in the final periods of
the data analysed, advancement in learning outcomes over the years can
be inferred as being due to the Pandemic. However, it is acknowledged
that improvements may also be explained by the general, universal
technological advancement and adoption (Lin & Johnson, 2021; Umar
et al., 2017; Yeung et al., 2021).

4.4. Gender differences in online expertise development (Hypothesis 4)

The anticipated gender difference in online expertise development
was not found. In fact, the relevant feature was ranked the lowest in the
cross-validation process for feature selection. This may be a reflection of
a change in the tide in terms of gender inequalities, or the persisting
inequalities have been unsuccessfully captured in the particular model
reported here. A future analysis with other outcome variables would add
important insight into areas in which gender inequalities persist, such as
educational access (Shilling, 1991), especially in LMICs (Jewitt & Ryley,
2014).

4.5. Limitations

The present measure of learner expertise is not comprehensive with
multiple dimensions (e.g., Palmer et al., 2005 for teacher expertise) but
only consisted of one single dimension, hence the use of cumulative
expertise as the primary term. However, future research would benefit
from exploring a comprehensive measure of learner expertise in pre-
dicting benefits from individualised learning online. Components of
learner expertise include subject performance (Kalyuga, 2006), prior
knowledge (Lee & Kalyuga, 2011), and their working memory (Kalyuga,
2009). Accordingly, the more limited a learner’s working memory — or
their learner expertise — the sooner they encounter issues around
cognitive load (Kalyuga, 2008; Yeung, 1999). Whereas the present
research focuses on cumulative experience and takes experience as an
indicator of expertise (see also de Bruin et al., 2007), extant literature
typically takes learner performance as an indicator of learner expertise.
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Thus, the conceptualisation of learner expertise is limited to date, with
insufficient consideration for meta-cognitive qualities and
socio-emotional skills (Lang, 2021) are integral to successful learning,
including with the design of educational technology (Chiu, 2018).
Subsequent research needs to better encompass the nuances and com-
plexities in learner expertise in the context of educational technology.

It is not known whether the platform-specific learning outcomes in
the present analysis generalise beyond the online environment. How-
ever, subject-specific expertise is domain-general and is likely to transfer
across contexts such that the expertise development observed in the
presentation is likely to transfer to other contexts, online or in-person.
The domain-general nature of subject expertise has found support
from Hwang and Shin (2019), who found syntactic knowledge to
transfer from a within-language context to a between-language context.
Similarly, the between-context transferability of subject knowledge has
widespread support, including from math education research. For
example, algebraic problem-solving processes have been found to
transfer between subjects, from Mathematics learning to Physics (Bassok
& Holyoak, 1989). Moreover, within each, Mathematics and Physics,
problem-solving has been found to transfer between contexts (Rebello
etal., 2017). In particular, the transfer subject expertise improves as the
learning environment increases in resemblance to the target context
(Herrington et al., 2003; Nemanich et al., 2009; Nokes, 2009) and in
interactivity, or feedback (Anderson, 2004; Boling et al., 2012). So,
students’ subject-related expertise in mathematics, gained through cu-
mulative experience in the online learning environment, can be ex-
pected to transfer out of the online learning environment and be applied
in another context.

Such cross-context knowledge transfer has also been found with
online learning. Cumulative experience in class-based online learning
has been shown to increase the implicit learning of another language (e.
g., fluency, Omura, 2021). Similarly, cumulative experience in learning
one foreign language seems to transfer to another foreign language
(Hwang & Shin, 2019). Cumulative experience in online learning for
Engineering students has also found subject expertise (or knowledge) to
improve in other, offline contexts (Alkhalil et al., 2021, pp. 396-399). As
such, it is possible that cumulative experience in math learning on one
online context (or platform) can transfer to another context, digital or
otherwise.

It should be acknowledged that the present research does not, on its
own, explain any single concept or association. This is due to the limi-
tations of a highly quantitative and aggregative nature of the present
approach, not to mention the novelty of machine learning analysis in the
field of educational science. Rather, the present research must stand
alongside related research with the multiplicity of research approaches
for a comprehensive understanding of the concepts discussed. Moreover,
within the quantitative research paradigm, sequential analyses should
follow the present research with temporal properties taken into account:
then, stronger insights can be derived into potential pathways of
causality.

4.6. Future directions

Longitudinal analysis can be conducted on this data, in future.
Analysis from the time series family of statistical techniques would
resolve potential differences in how the importance of cumulative
experience, country, gender, and COVID-19 develop over time in pre-
dicting expertise development (or learning outcomes). Related, it will be
insightful to track and analyse developments in the impact of COVID-19
in the importance of cumulative expertise, country, and gender, in
expertise development.

More technically, although absolute Shapley values were selected for
their outperformance of the original Shapley value, this metric carries
with it shortcomings to account for in future work. Although the abso-
lute Shapley value used in this study carries pioneering strengths,
especially the strong theory-based algorithm and interpretability
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according to mean absolute Shapley values. Transformed data are represented here.

relative to non-Shapley metrics for feature importance, increasing
attention is being given to the limitation of this and preceding Shapley
values (e.g., zero-based and original Shapley values) for the presence of
multicollinearity and dependence among the features included in any
final model. Alternatives to the absolute Shapley value should be
explored for the present research question, including the Kernal Shap
(Aas et al., 2021) and the multi-collinearity corrected Shapley values
(Basu & Maji, 2022).

4.8. Implications and conclusions

Through a partnership between theory- and data-led model devel-
opment and analysis, machine learning was applied to big data from one
online learning platform. Developing expertise was found to be possible
through online learning, with particular resemblance of deliberate
practice (Hypothesis 1): cumulative experience in online learning yiel-
ded improving learning outcomes over time; the ‘tutor’ responses
available from the sampled online learning platform served as instructor
feedback. The importance of meta-cognitive capabilities in developing
expertise was also supported: learners’ ability to operate as independent
rather than help-seeking learners was encouraged, in order to attain
higher learning outcomes. This finding extends the distinction between
adaptive and maladaptive help-seeking from in-person learning (New-
man, 2002) to online learning: namely, that effective self-regulation
underlies adaptive help-seeking wherein the learner seeks to develop
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as an independent learner, rather than simply to obtain the correct
answer.

Online learning was found to have differing potential for developing
expertise depending on learners’ country settings (Hypothesis 2). A Thai
disadvantage was found, potentially due to Thai learners’ need for social
references in order to self-regulate successfully. These country differ-
ences echo existing calls for country-specific appropriateness in online
learning platform design, given the significant between-country differ-
ences that exist with regard to social dynamics for learning (Liu, 2017;
Ogan et al., 2015). The final model also pointed to a LMIC disadvantage
in developing expertise through online learning, thus supporting the
importance of accounting for infrastructural constraints in online
learning design and provision (Abidi et al., 2017). COVID-19 was found
to improve the potential for developing expertise through online
learning (Hypothesis 3). Gender did not find support in the present
analyses (Hypothesis 4). Finally, data-led model development yielded
conceptually important insights that were not hypothesised through
theory alone (Hypothesis 5).

Altogether, the significance and contribution of the present research
are two-fold. First, insights from empirical research on the development
of learner expertise have been extended from in-person settings to online
learning. Second, the potential for machine learning to make theoreti-
cally significant, relevant, and applicable contributions to the field has
been demonstrated: that is, by partnering theory with data closely
during model development and by making thorough use of interpretable
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activities

machine learning tools such as Shapley values and visualisations. This
article has demonstrated the potential value of implementing data
mining with machine learning in furthering insights that relate to
effective online learning provision. Thus, the feasibility of substantive
insights from data science research on online learning has been
demonstrated.
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Fig. 16. Conceptual framework for how
learner expertise is developed through on-
line learning. This is the outcome of the final
model, developed through theory and data.
The present online learning platform thus
provides opportunity for deliberate practice
during cumulative experience on the online
platform, which is one of two main avenues
for developing learners’ expertise in mathe-
matics. According to the final model, delib-
erate practice during cumulative experience
with the online learning platform must be
accompanied by meta-cognition (indepen-
dence and perseverance, rather than unhin-
dered help-seeking) to yield subject
expertise. This Figure relates to Hypothesis 1
in particular: namely, that cumulative
experience will develop expertise in online
learning within one particular platform and,
as such, will predict increasing learning
outcomes.
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