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Abstract
Machine learning (ML) provides a powerful framework 
for the analysis of high-dimensional datasets by model-
ling complex relationships, often encountered in modern 
data with many variables, cases and potentially non-
linear effects. The impact of ML methods on research 
and practical applications in the educational sciences is 
still limited, but continuously grows, as larger and more 
complex datasets become available through massive 
open online courses (MOOCs) and large-scale investi-
gations. The educational sciences are at a crucial pivot 
point, because of the anticipated impact ML methods 
hold for the field. To provide educational researchers 
with an elaborate introduction to the topic, we provide 
an instructional summary of the opportunities and chal-
lenges of ML for the educational sciences, show how a 
look at related disciplines can help learning from their 
experiences, and argue for a philosophical shift in model 
evaluation. We demonstrate how the overall quality of 
data analysis in educational research can benefit from 
these methods and show how ML can play a decisive 
role in the validation of empirical models. Specifically, 
we (1) provide an overview of the types of data suitable 
for ML and (2) give practical advice for the application 
of ML methods. In each section, we provide analytical 
examples and reproducible R code. Also, we provide an 
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extensive Appendix on ML-based applications for edu-
cation. This instructional summary will help educational 
scientists and practitioners to prepare for the promises 
and threats that come with the shift towards digitisation 
and large-scale assessment in education.

K E Y W O R D S
Big Data, education, machine learning

Context and implications

Rationale for this study

In 2020, the worldwide SARS-COV-2 pandemic forced the educational sciences to per-
form a rapid paradigm shift with classrooms going online around the world—a hardly 
novel but now strongly catalysed development. In the context of data-driven education, 
this paper demonstrates that the widespread adoption of machine learning techniques 
is central for the educational sciences and shows how these methods will become cru-
cial tools in the collection and analysis of data and in concrete educational applications. 
Helping to leverage the opportunities and to avoid the common pitfalls of machine learn-
ing, this paper provides educators with the theoretical, conceptual and practical essentials.

Why the new findings matter

The process of teaching and learning is complex, multifaceted and dynamic. This 
paper contributes a seminal resource to highlight the digitisation of the educational 
sciences by demonstrating how new machine learning methods can be effectively 
and reliably used in research, education and practical application.

Implications for educational researchers and policy makers

The progressing digitisation of societies around the globe and the impact of the SARS-
COV-2 pandemic have highlighted the vulnerabilities and shortcomings of educational 
systems. These developments have shown the necessity to provide effective educational 
processes that can support sometimes overwhelmed teachers to digitally impart knowl-
edge on the plan of many governments and policy makers. Educational scientists, corpo-
rate partners and stakeholders can make use of machine learning techniques to develop 
advanced, scalable educational processes that account for individual needs of learners 
and that can complement and support existing learning infrastructure. The proper use of 
machine learning methods can contribute essential applications to the educational sci-
ences, such as (semi-)automated assessments, algorithmic-grading, personalised feed-
back and adaptive learning approaches. However, these promises are strongly tied to an 
at least basic understanding of the concepts of machine learning and a degree of data 
literacy, which has to become the standard in education and the educational sciences.
Demonstrating both the promises and the challenges that are inherent to the col-
lection and the analysis of large educational data with machine learning, this paper 
covers the essential topics that their application requires and provides easy-to-follow 
resources and code to facilitate the process of adoption.
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INTRODUCTION

Like teaching children how to distinguish cats from dogs or apples from pears, computers 
are increasingly able to learn patterns and rules by example. The idea that, instead of manu-
ally coding computers to perform certain tasks, we could let computers learn themselves, 
has a long history (Samuel, 1959). This so-called machine learning (ML) is used to auto-
matically detect rules and patterns in data and to apply them on new data of the same kind 
(Domingos, 2012). Figure 1 shows the Cross-Industry Standard Process (CRISP) for ML 
(Shearer, 2000). As we outline in the present review, this computational approach to learn-
ing is predestined for widespread use in the educational sciences and prone to become an 
important analytical tool (as it already has in many other fields).

The success of educational systems is of utmost relevance for societies (e.g., Hanushek 
& Woessmann, 2010, 2012). Therefore, educational research is particularly engaged in 
identifying and evaluating important predictors of educational achievement (see Hellas 
et al., 2018, for a review). In this quest, ML is likely to become a crucial factor. It is a data-
driven approach for computational learning and provides a powerful novel framework for 
data analysis.

The manifold use-cases of ML in education are self-evident in some areas, such as in-
telligent tutoring systems (see Conati et al., 2018) or the prediction of student performance 
(Đambić et al., 2016), and understated in others, like the validation of latent statistical models 
(Bleidorn & Hopwood, 2019). More than just providing new analytical techniques, ML can 
help educational researchers change the modelling culture towards a more reliable science 
with a stronger focus on actual prediction of novel data, as has been proposed by Yarkoni 
and Westfall (2017) for the field of psychology, but not yet been fully incorporated by the 
educational sciences. In particular, the focus on robust models with reliable predictions is 
what should be used to advance the educational science. Hence, we dedicate a section 
to the merit of a new philosophy for building models in educational research. Due to the 
high practical impact that applied ML algorithms can have on people's lives, algorithmic 
fairness has become an important aspect of model application to avoid issues of system-
atic discrimination (Chouldechova & Roth, 2018), privacy, and sensitive data in ML (see Ji 
et al., 2014). Educational sciences is a discipline that often investigates latent phenomena 
(Kunter, Klusmann, et al., 2013; Lindl et al., 2020; Marsh et al., 2012), so the contribution of 
ML in construct validation is essential to this field. Three recent reviews on ML in personality 
assessment have been concerned with this challenge (Bleidorn & Hopwood, 2019; Stachl, 
Pargent, et al., 2020; Tay et al., 2020) and provide valuable approaches for the educational 
sciences. Also, in the present overview we extend beyond the topic of mere data mining in 
education, which has triggered several interesting reviews already (e.g., Ali, 2013; Guleria & 
Sood, 2014; Romero & Ventura, 2020).

Often, two types of ML are distinguished: supervised and unsupervised learning. The 
latter subsumes clustering and other exploratory data analysis techniques where no target 
variable (in the classical context typically called ‘dependent variable’) is available. In this 
article, we focus on supervised ML, which models an input-output relation (i.e., the relation 
between covariates and a target variable).

Obviously, fitting predictive models to data is nothing new. Nearly all researchers in ed-
ucational sciences are aware of the classical framework of linear regression and its asso-
ciated statistical inference. Inference statistics and supervised ML both deal with the same 
problem of learning predictive models from data and are based on the same mathematical 
principles. In a sense, supervised ML is predictive statistical modelling with a strong focus 
on non-parametric models. Here we focus on this predictive aspect of ML and therefore refer 
to supervised predictive learning when discussing ML approaches.
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But, as we explain in the section ‘Analysis’, the two fields differ in subtle ways, often fur-
ther complicated by different cultural and philosophical approaches to the same underlying 
empirical problems, in addition to frequently using different terminology for the same con-
cepts. A major historical difference has always been ML’s focus on strong predictors that 
generalise well beyond the training data, in order to use them in automated environments. 
Classical statistics traditionally focused on explaining relationships in data for the sake of 
gaining scientific insights and quantifying the associated uncertainty. After computational 
statistics’ renewed interest in non-parametric modelling and the recent arrival of interpreta-
ble machine learning (IML), the lines between the fields have become even blurrier.

In this instructional summary, we show how the rise of ML techniques strongly affects 
education in general and how this development puts the educational sciences in a crucial 
position: the incorporation of these new methods is warranted on two main levels, namely 
(1) the collection of data, and (2) the analysis of data. Additionally, we provide an overview 
of practical ML applications for education in Appendix S2. We combine elements from a 
review (e.g., past findings) with the practical exercises and examples of a tutorial paper, and 
with the critical positions and reflections of a perspective piece (e.g., algorithmic fairness). 
Following this multifaceted approach, this format allows educational scientists to profit from 
embracing ML and learn from the experiences of other scientific disciplines that have al-
ready implemented ML into their standard repertoire. Moreover, ML provides the opportunity 
to at least extenuate many problems of current educational research (e.g., a large amount of 
non-replicable results, as discussed in the section ‘Prediction and explanation’).

Naturally, predictive modelling has become more prominent in the educational sciences 
since large digital datasets have become available. These (mostly new) forms of data collec-
tion and assessment have to be contextualised before the potential of ML for the educational 
sciences can be fully understood. Hence, the first part of this article focuses on novel meth-
ods for data collection and assessment suitable for ML models. We particularly consider 

F I G U R E  1   CRISP-DM: The cross-industry standard process for data mining, which also applies to machine 
learning. The circular process starts with the problem definition (Appendix S2) and the data situation (Section 
2). The collected data (Section 2.2) is then used for modeling (Section 3) following data preprocessing (Section 
3.4). The resulting model is evaluated (Sections 3.2 and 3.6) and deployed if successful. Alternatively, the 
process starts again
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the cases of Big Data in education (see Hadioui et al., 2017; Teasley, 2019) and focus on 
large-scale studies (e.g., Depren et al., 2017; Yoo, 2018). In the second part, we focus on ML 
modelling. Specifically, we outline the common procedures involved in computational mod-
elling and highlight typical pitfalls and caveats relevant to the educational sciences. To help 
educational scientists deal with these analytical issues, a discussion of prediction-centred 
model evaluation, interpretability, replicability and model validation is provided. Additionally, 
we provide theoretical and practical examples, give concrete advice and indications for the 
analysis of educational data with ML, and offer R-code, using the mlr3 package (Lang et al., 
2019), to accompany each section on https://osf.io/ntre9/ as well as a discussion of ML-
based practical applications that can be used as educational tools in Appendix S2.

EDUCATIONAL (BIG) DATA

Today, enormous amounts of different data are continuously generated and collected from 
various types of sources, such as people, machines or sensors. These data hold information 
on behaviour, expressions or context. Their collection oftentimes does not follow a specific 
research question but is collected due to the opportunity or to provide a database for pos-
sible future studies (Markowetz et al., 2014). This special phenomenon of our ‘digital age’ 
is often described by the term Big Data, which has been omnipresent in everyday life and 
in research for about a decade. However, as past work has shown (e.g., Baro et al., 2015; 
De Mauro et al., 2016; Favaretto et al., 2020; Ylijoki & Porras, 2016), an exact definition of 
this term has yet to be achieved—perhaps due to the ongoing changes and the dynamics 
of the associated areas of life and research. Different approaches start with the phenom-
enon itself, its features or the (analytical) methods evoked by it, such as ML (Hellas et al., 
2018; Yarkoni & Westfall, 2017), and include different aspects, depending on the focus of 
consideration (e.g., Baro et al., 2015; De Mauro et al., 2016; Ward & Barker, 2013; Ylijoki & 
Porras, 2016). Common to more than 70% of the definitions examined by Ylijoki and Porras 
are the three central criteria—volume, variety and velocity (cf. De Mauro, Greco & Grimaldi; 
Favaretto et al., 2020; Laney, 2001; Ward & Barker, 2013). Additional facets, such as value, 
veracity, complexity or impact are added in less than 30% of the descriptions (Baro et al., 
2015; Ylijoki & Porras). Volume refers to the almost immeasurable amount of data that gives 
Big Data its name, variety to the multitude of data, and data types that differ greatly and 
have little or no structure. Velocity describes two aspects of Big Data, namely the enormous 
rate at which the data is generated and on the speed at which the rapidly growing amount 
of data is processed—often within (fractions of) seconds—in order to be able to react to it 
as quickly as possible.

Voluminous data

Large amounts of data, usually perfectly suited for the application of ML algorithms, are 
regularly created in educational research, as can be seen directly from an exemplary con-
sideration of central topics. The following sections discuss the prediction of academic perfor-
mance for individuals and in the context of national and international studies on educational 
monitoring. In addition, we summarise data on research regarding teaching quality, teacher 
competencies and academic performance.

As Hellas et al. (2018) point out in their review of more than 350 publications, research on 
predicting academic performance regularly generates a vast amount of data due to the large 
number of variables that can be used to measure academic performance (e.g., GPA, individ-
ual grades or programme retention) and the even larger number of factors that are related 

https://osf.io/ntre9/
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to it (e.g., demographics, personality, academic, behavioural or institutional dimensions). 
The generated data are analysed with a continuum of methods, that ‘ranges from basic 
statistical analysis and correlations to the use of state of the art machine learning methods’ 
(Hellas et al., 2018, p. 185). These studies are comprehensive, but mostly include regionally 
limited investigations. Hence, for international comparisons, extensive data are collected 
from students for each implementation. This is especially true for subjects like mathematics 
and the natural sciences, as displayed by, for example, the international TIMSS (Trends in 
International Mathematics and Science Study), in which thousands of variables about math-
ematics classes and students were collected.

Since 1995, TIMSS has been measuring the performance of more than 300,000 students 
in mathematics and science at the end of the fourth grade in over 50 participating countries 
and regions every four years. The collected data include information on the respective edu-
cational systems; individual, family, and socioeconomic backgrounds; on attitudes towards 
mathematics; on characteristics of teachers, classes and schools; on instructional design; 
and curricular aspects (e.g., Mullis et al., 2016). Since 2001, Progress in International Reading 
Literacy Study (PIRLS) has evaluated and internationally compared the reading comprehen-
sion of students at the end of the fourth grade every five years. Similar covariates were used 
to identify favourable and unfavourable factors for the development of reading comprehen-
sion (e.g., Mullis et al., 2017). However, the most comprehensive international large-scale 
study, carried out every three years since 2000, is the Program for International Student 
Assessment (PISA), which measures the performance of more than 600,000 15-year-olds 
from 79 countries in reading as well as mathematical and scientific literacy. The tests, which 
are mainly computer-based, are supplemented by electronic questionnaires for the students, 
their parents, teachers and school principals. This way, information on the socioeconomic 
status of the family, the migration background, learning contexts in the respective class or 
school, learning habits and strategies, (out-of-school) media use, and students’ attitudes 
and motivations are collected (e.g., OECD, 2019a, 2019b, 2019c, 2020a). Thus, not only do 
several hundred thousand students annually participate in these studies, but the resulting 
data also contain thousands of variables for each participant.

In addition to the investigation of student-related factors of competence, extensive studies 
on the quality dimensions of teaching are also flourishing in current educational research 
(see Praetorius et al., 2018, for an overview). The evaluation and assessment of teaching 
qualifications is carried out primarily from the students’ perspective (some alternatives are 
outlined below) and based on often extensive catalogues of criteria that are founded on var-
ious theoretical approaches (e.g., Lipowsky et al., 2009; Praetorius et al., 2018; Wisniewski 
et al., 2020). To empirically underline the structural and predictive validity of the postulated 
models, samples of thousands of students are acquired with specific paper-based question-
naires (e.g., Kunter, Baumert, et al., 2013), but also by means of digital applications for the 
evaluation of their teachers’ teaching (Wisniewski et al., 2020).

Teachers are central factors in the process of learning (Hattie, 2009). Several large-scale 
studies have investigated the professional competence of teachers and its development 
in various teacher-education systems across nations (e.g., Mathematics Teaching in the 
21st Century [MT21], Teacher Education and Development: Learning to Teach Mathematics 
[TEDS-M], Quality of Instruction in Physics [QuIP], Teaching and Learning International 
Survey [TALIS]). Following the core components of professional competence (Shulman, 
1986), the focus of these studies lies on the evaluation of professional knowledge (content 
knowledge, content knowledge and pedagogical knowledge) beliefs, values, goals, moti-
vational orientation and self-regulation (e.g., Kunter, Baumert, et al., 2013). These latent 
constructs were examined using large samples of student teachers, trainee teachers and 
working teachers in up to 48 different countries (Fischer et al., 2014; Ingvarson et al., 2013; 
OECD, 2019d, 2020b; Schmidt et al., 2011). The constructs were initially assessed with 
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newly constructed paper and pencil tests and questionnaires but several of these tests have 
since been digitised (e.g., Kaiser et al., 2017; Kersting et al., 2012; see also the section 
‘Velocity of data’). Other studies went one step further and investigated the interrelation-
ships between teachers’ professional competence, instructional quality, students’ cognitive 
performances and their affective states. By combining the theoretical and methodological 
approaches of the three research fields, the amount of data produced in such research 
projects (e.g., Campbell et al., 2014; Hill et al., 2005; Kelcey et al., 2019; Kunter, Baumert, 
et al., 2013) is continuously growing and proved to be extensive, multi-layered and complex. 
In addition, contextual characteristics of classes (e.g., schools or country-specific education 
systems) can be a challenging aspect of the analysis and variable selection often seems 
arbitrary or based on narrow theoretical aspects.

Variety of data

Apart from the availability of large-scale datasets, the change in modalities of how data is 
collected and the increased use of new types of data are additional reasons for the educa-
tional sciences to start embracing ML methods (Hellas et al., 2018). To fully understand the 
potential of ML in education, it is important to understand the various types of data (e.g., 
text, video and sensor data) that can be used in the process (Romero & Ventura, 2010). In 
addition to traditional paper and pencil questionnaires and tests, digitised versions of these 
instruments are used to investigate various aspects of teachers’ competence. Sometimes, 
digital reaction time tests (e.g., Kunter, Baumert, et al., 2013) and criteria-based video vi-
gnettes (e.g., Bruckmaier et al., 2016; Kaiser et al., 2017) are used for assessment. The 
systematic categorisation and the analyses of teaching materials by trained coders are also 
part of the common repertoire of methods in the learning sciences (Kunter, Baumert, et al., 
2013). Formerly lab-based, complex eye-tracking procedures are increasingly deployed via 
mobile devices in naturalistic classroom settings (see Beach & McConnel, 2019, for a re-
view). These methods are nowadays used to assess the quality of teaching (see Fauth et al., 
2020; Praetorius et al., 2018, for an overview).

Moreover, the accelerating transition of educational activity to online courses and 
computer-aided tutorials, often subsumed under Education 4.0 (see Ciolacu et al., 2017), 
increases the amount of available digital data. Fine-grained log-files from student-computer 
interaction can be used to extract complex, real-time information from online testing (e.g., 
Hellas et al., 2018; Juhaňák et al., 2019) or learning management systems (see Ciolacu 
et al., 2017). More indirect measures, such as digital footprints (see Kosinski et al., 2015; 
Lambiotte & Kosinski, 2014) or even high-frequent mobile sensing data (Harari, Müller, et al., 
2017), are prone to become more prevalent in the educational sciences and are resulting 
in an enormous quantity and variety of—often strongly interrelated—variables. This large-
scale character makes it impossible to include all available information in classical linear 
models.

Mobile sensing refers to the use of mobile, sensor-equipped, technical devices to register, 
store and process (Eagle & Pentland, 2006; Lane et al., 2010) data on the users’ behaviour 
(Harari, Müller, et al., 2017) and context or whereabouts (Harari et al., 2018). In contrast to 
classical questionnaire data in a digital context, such as experience-sampling (see Reis 
& Gable, 2000), mobile sensing does not require ‘querying’ participants to report their be-
haviour themselves but registers actions as they unfold on a device or in close proximity 
to it (i.e., passive sensing). In psychological research, mobile sensing has been used to 
investigate everyday behaviour (e.g., social and communication behaviour, mobility, physi-
cal activity, media use and day-nighttime activity) and to relate these behavioural metrics to 
individual differences in personality (Budimir et al., 2020; Harari et al., 2019; Montag et al., 
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2015; Schoedel et al., 2018, 2020; Stachl, Au, et al., 2020; Stachl et al., 2017). Further, in the 
health sciences, behavioural data from smartphones has been reliably related to psycholog-
ical well-being (Cornet & Holden, 2018; Servia-Rodríguez et al., 2017) and to the severity 
of clinical depression (Saeb et al., 2016). Although mobile sensing has become popular in 
multiple fields, very little research on this topic exists in the educational sciences (Barkley & 
Lepp, 2016; Harari, Gosling, et al., 2017). Yet, for many research topics, such as the predic-
tion of retention by online activity or the monitoring of digital learning strategies, the use of 
mobile sensors could be promising.

Additionally, the automated collection and analysis of large amounts of data for the predic-
tion of outcomes has become feasible due to advances in computation technologies and the 
widespread use of digital devices for education (Jarke & Breiter, 2019). The potential of this 
approach is enormous: for a comparison, Kosinski et al. (2015) published the myPersonality 
Facebook application, which was widely regarded as a milestone of digital assessment in 
personality psychology and included personality profiles from close to 7.5 million Facebook 
users with about 2 million of them also sharing data on their Facebook profiles. Notably, 
this is far less than a standardised digital survey in education could achieve if standardised 
tests, such as the Scholastic Assessment Test (SAT; over 2 million students per year), were 
analysed. At this moment, the educational sciences have the advantage that they can build 
upon the experiences and developments from other fields, such as psychology, the health 
sciences and various others, to use its key resources for the economic collection of valuable 
educational data. But dealing with these new and different types of data requires intensive 
preprocessing (see the section ‘Preprocessing’), adequate models, theoretical expertise 
and knowledge on analytical pitfalls.

Velocity of data

In the educational sciences, complex, often latent, target constructs and performance char-
acteristics, such as cognitive, social and emotional competencies of students and teachers, 
are measured. According to contemporary definitions and conceptualisations (e.g., Blömeke 
et al., 2015; Kunter, Baumert, et al., 2013; Weinert, 2001), these constructs manifest in spe-
cific situations through knowledge-based behaviour. Moreover, they are only partially con-
sciously reflectable, mostly non-verbalisable, and thus only partially measurable through 
classical paper-based test or questionnaire stimuli (Heine & Reiss, 2019). Although digitised 
versions of these instruments (e.g., with additional video elements; Bruckmaier et al., 2016; 
Kaiser et al., 2017; Knievel et al., 2015) offer context-rich possibilities for capturing these 
behaviours in real-time, these ultimately just replace textual vignettes with videographic 
ones, whose greater veracity is subject to critical discussion (e.g., Kaiser et al., 2015; Knievel 
et al., 2015).

Regarding these constructs, digital survey formats only add value if (as is now the case 
for PISA) interactive elements are included in the tasks. These can only be meaningfully re-
alised in computer-based testing, such as real-time simulation scenarios in natural sciences 
or innovative item formats (OECD, 2019a, 2019b, 2019c, 2020a). Computer-based testing will 
not only improve the veracity and the content validity with regard to the measured constructs 
and make data collection more structured, timesaving and thus more efficient, but also more 
variable and dynamic. Moreover, a multi-stage adaptive test design can increase the mea-
surement accuracy if, for example, the selection and order of test items is controlled by an 
adaptive ML-algorithm that considers the responses of the preceding items. Furthermore, 
additional meta and/or process data can be collected that go beyond mere processing times 
for sub-tasks or stopping points in videos. This includes log-files in which every click, every 
movement, and every position of the cursor or—more generally—every (predefined) user 
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action can be registered and nearly at the same time related to the presented problems. For 
this data, which are generated rapidly and thus consist of various sources and types with 
different scales and diffuse encodings (Ciolacu et al., 2017), ML methods can be used to 
validate latent constructs, related to such actions (Bleidorn & Hopwood, 2019).

Numerous other approaches that are regularly used in combination with ML analysis are 
hardly applied in the educational sciences. Examples are high-frequent behavioural data from 
mobile sensors (as discussed above), intelligent tutoring systems and computer-supported 
collaborative learning, individual online learning environments (including computer-adaptive 
testing), and massive open online courses (MOOCs) with thousands of students (e.g., Baker 
& Yacef, 2009; Kennedy, 2014). These methods can quickly provide the necessary data to 
identify critical situations in individual educational trajectories or learning difficulties. They 
can also be used to predict student- performance and learning outcomes and promptly 
suggest personalised support and interventions (e.g., through automated recommender sys-
tems). Moreover, the often time-consuming and cost-intensive preparation of comprehen-
sive, complex and continuous or fine-grained data sources can be supported and facilitated 
by ML methods. Examples of this are automated processing, classification and evaluation of 
responses to test items, written essays, audio recordings or even (instructional) videos in the 
context of natural language processing (see Appendix S2 for opportunities and limitations).

ANALYSIS

The goal of any supervised ML model is to learn the functional relationship between the 
input variables (i.e., the covariates or features, as they are called in the ML context) and 
the output variable(s) (i.e., the target variable). In educational research, the input variables 
are often quite heterogeneous and range from demographic data to psychometric factors, 
such as self-regulation or self-efficacy, whereas the target variables are in many cases a 
measure of academic performance (Hellas et al., 2018). The model learns this relationship 
based on empirical data for which we assume that both feature and target values have been 
observed. Target values are called labels in ML. The data are the collected measurements 
for our objects of interest, such as the test scores of students. We usually assume that our 
data have been sampled from an underlying, unknown probability distribution, often called 
the data-generating process, in an identical and independent (i.i.d.) fashion. In supervised 
learning, two common prediction tasks exist, which simply depend on the type of the tar-
get variable: classification, with a categorical variable (binary- or multiclass classification), 
and regression, with a numerical variable. Although regression tasks are the most widely 
applied analytical approach in the educational sciences (Hellas et al., 2018), classification 
techniques are also common, such as for the identification of students at risk (Mashiloane 
& Mchunu, 2013).

We commonly have two different goals in learning this functional relationship: learn to 
predict emphasises that we want to use our obtained model on new data (e.g., new students) 
where the target label is unknown (historically, this is the focus of ML), whereas learn to ex-
plain emphasises a motivation to understand and study the modelled relationship between 
the input and output variables to foster the understanding of the functional relationship and 
potential theoretical implications, and to generate new hypotheses for confirmatory research. 
In many applications, both goals are of interest, yet to different degrees. Supervised learning 
can be described by three, mainly orthogonal components (Domingos, 2012):

1.	 A set of parameterised functions that we select from, during the model fitting process. 
In ML, this is called the hypothesis space. An example would be all possible linear 
models with two parameters β0 and β1, representing intercept and slope, respectively. 
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In this case, the hypothesis space includes any linear relationship between the input 
variable and the output variable.

2.	A function that assigns each possible model to a numerical score that expresses how well 
our model fits our data. In ML, this is typically called empirical risk and is minimised to find 
the optimal model; in statistics, this score is typically called the likelihood of the model and 
is maximised. The empirical risk is defined as a measure of the total deviations between 
predictions and true labels—for each observation, we measure how much the prediction 
differs from the true label. This pointwise measure of difference is called a loss function in 
ML. An example for such a function would be the sum of the squared differences between 
the predictions and the labels in a regression task.

3.	An optimiser that systematically searches for the best parameterisation of our model space 
by optimising its numerical score with respect to the dataset at hand. Gradient descent, 
for example, is an optimiser that searches for the minimum of the empirical risk function 
in stepwise fashion by calculating its gradient at a point and selecting the next point in the 
opposite direction of the gradient.

In short, we need (1) a set of models to choose from, (2) a value that tells us how well the 
model fits the data, and (3) a function that tells us how to find the best-performing model. 
Through this lens, predictive modelling (or supervised ML) is reduced to mere parameter 
optimisation or curve fitting. Notably, although we described the above principles from a ML 
point of view, the same general procedure applies classical statistical model fitting. Also, 
risk minimisation in ML and statistical likelihood maximisation are mathematically equiva-
lent. Therefore, the general principle of predictive modelling is easily relatable to processes 
already known to educational researchers familiar with linear regressions and more general 
statistical models (see Theobald et al., 2019, for a review of typical quantitative methods in 
education).

This section treats the individual parts of the learning process, starting with a short in-
troduction to different types of models and subsequently discussing the resampling and 
the tuning processes, which are used for the evaluation and the optimisation of models, 
respectively, and highlights the connections and applicability to educational research. An 
additional section is dedicated to the preprocessing of data. The subsequent parts discuss 
the interpretation and philosophical consequences of this approach for educational research 
and highlight the challenges that come with it.

Model classes

Because the available range of predictive models is extremely large (see Appendix S1), we 
are not able to review the entire range of approaches but refer to Friedman et al. (2001) for 
a comprehensive textbook. Note that the information and properties provided in Appendix 
S1 refer to the original algorithms and their most common implementations. A systematic 
overview of model classes used for the prediction of academic performance is provided by 
Hellas et al. (2018).

Linear models are simple regression models that transform the feature vector into an 
output score through a linear function. For the logistic regression, which addresses binary 
classification problems, this score is further transformed through the logistic function into 
output probabilities (i.e., a value between 0 and 1). The concept of further transforming the 
score obtained by the linear function is called generalised regression in statistics. So, while 
features are combined in a linear fashion to a single score through the subsequent transfor-
mation, they act in a non-linear fashion on the modelled probabilities.
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Because linear models can be applied with limited sample sizes and generalised to more 
complex relationships, linear regressions are among the most common analytical tech-
niques in educational research (Theobald et al., 2019).

Regularised linear and logistic regression models add a (weighted) penalty to their risk 
function, which penalises ‘more complex models’. Here, ‘complexity’ is usually measured 
by the number of parameters that are far away from zero, as a zero-coefficient would com-
pletely switch off the effect of its associated feature. Regularisation prevents overfitting and 
makes parameter estimation in p > n conditions feasible.

The weight of this penalty term can be tuned, in a data-driven manner, so that the com-
plexity of the model is selected appropriately for the task at hand. The most common regu-
larised regression models are the LASSO (least absolute shrinkage and selection operator) 
regression (Tibshirani, 1996) that can shrink parameter estimates to zero (integrated vari-
able selection), the ridge regression (Hoerl & Kennard, 1970), and a combination of both 
approaches—the elastic net (Zou & Hastie, 2005). As in (generalised) linear regression, the 
linear form of the model specifies how the features and the target variable are connected. 
In education, this is often feasible to predict dichotomous variables, such as dropout, and 
regularised logistic regressions can be highly effective in such tasks (Aulck et al., 2016). It is 
often necessary to explicitly transform the input variables to account for non-linear relation-
ships—or to switch to a genuinely non-linear model.

Kernel-based methods can be an alternative for these cases. They apply a so-called 
kernel-function to the predictor variables, which implicitly lifts the feature space to a higher 
dimension (for an introduction to kernel-based ML, see Schölkopf & Smola, 2003). The 
most common instance is the support vector machine (Cortes & Vapnik, 1995), which is 
mainly used for classification tasks, in which it determines classification boundaries in 
high-dimensional spaces, such as for the prediction of academic performance categories 
(Burman & Som, 2019) or dropout (Kesumawati & Utari, 2018), but can also be applied to 
regression problems (Drucker et al., 1997).

A fourth class of models is based on decision trees (Breiman et al., 2017). Decision trees 
recursively apply binary splits to the input space (or training data) to obtain regions of input 
space with minimal variance of the outcome (the so-called ‘leaves’), as trees model the out-
come in the resulting leaf regions by a simple constant (i.e., for all data points in one leaf, the 
same outcome is predicted). This recursive structure allows for interactions among predictor 
variables and non-linear modelling.

The splitting is usually early-stopped, or the tree is pruned post-hoc (i.e., cut down to a 
smaller size without losing much prediction performance) to prevent overfitting. Single deci-
sion trees typically lack predictive power, so ensembles of trees are used instead, usually in 
the form of a random forest (Breiman, 2001a, 2001b) or gradient-boosted trees.

The most common tree-based method, the random forest, estimates an ensemble of 
different trees. It uses bootstrap aggregation (bagging) by Breiman (1996) to inject random-
ness by fitting multiple trees trained on different bootstrap samples of the training data. An 
additional split-variable randomisation also constrains the searched features for each split to 
a randomly selected subset. Together with bagging, this leads to less correlated trees within 
the ensemble. The predictions of those individual trees are then averaged to obtain a final 
prediction (majority vote for classification). While general bagging can be combined with any 
learning algorithm, tree-bagging as in random forests has proven to deliver state-of-the-art 
performance, so that they are among the most popular ML methods in predicting academic 
performance (Hellas et al., 2018). In a random forest, each tree is typically maximally ex-
tended up to only a few observations per leaf to obtain minimal correlation between each 
tree. Another important aspect of random forests for educational research is that they have 
been shown to be readily combinable with psychometric models, such as the Rasch model 
(Golino & Gomes, 2016).
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Neural networks are another popular class of learning methods that can be applied to 
classification as well as regression tasks. The idea of neural networks is to combine multi-
ple, simple computational units or simple functions (neurons) in a complex graph-like net-
work, usually by ordering the neurons into multiple, sequential layers. Each neuron usually 
performs a weighted linear combination of its inputs together with a univariate non-linear 
transformation to compute its output. The layers of the network now can be interpreted as 
vector-wise transformations of the input-vector into different vector-form representations, 
through an application of sequential affine-linear (i.e., without a fixed origin) and component-
wise non-linear transformations, until the output representation is reached.

Neural networks have currently shown their best results on tensor data, such as images, 
videos and sound, and due to their flexible architecture are certainly one of the most versa-
tile ML techniques. On the other hand, for the common case of tabular data, random forests 
often either show equal or better performance and currently demand less tweaking from 
the modeller. However, complex tasks in large datasets from the field of education, such as 
automated essay scoring and sequential data from MOOCs, are often a good fit for analy-
ses with neural network models (Saito & Watanobe, 2020). For a good overview of neural 
network models, see Aggarwal (2018).

Choosing the correct model for a problem at hand can be challenging, because even if 
predictive performance is the only measure of interest, the best-performing learning algo-
rithm cannot be identified in advance.

It is therefore advisable to start the analysis with a simple baseline model like a (gener-
alised) linear model or a decision tree. Since these models are easily and naturally inter-
pretable, they serve as an ideal entry-point. For a simple-to-handle non-linear analysis, a 
random forest is recommended as a next step, as this model often achieves strong pre-
dictive performance in many applications but does not require much preprocessing of the 
input data or too much parameter tuning and adaptation. Only after the performances of 
these simpler models have been evaluated, more difficult model classes like neural net-
works should be considered. These models often require much more difficult tuning and are 
still very challenging to interpret. Performing a benchmark analysis of different learning algo-
rithms competing against each other is a typical way in ML to find the most predictive model.

Evaluation and overfitting

For a classical statistical model, the goodness-of-fit is typically evaluated. For a linear re-
gression, as explained in detail below, one can calculate the R2 ∈  [0,1]. R2 indicates the 
percentage of variance the model explains regarding the data used to estimate it and is 
likely to be the most familiar index of model fit for educational researchers. This implies 
that training error can be a poor statistical estimator for generalisation performance and be 
severely optimistically biased. On the other hand, as already foreshadowed in Figure 6, a 
remarkably simple remedy exists in the form of test error estimation: the dataset is split into 
two parts (one for training, the other for testing) so the target variable is predicted using the 
trained model and the deviance from the true values is quantified. Typically, for a single data 
split, two thirds of the complete sample are used to train the model and one third to test its 
generalisability. This procedure enables an unbiased estimate of the generalisation error, as 
the performance is never tested on those data that are used for model building.

Differentiating between the error obtained for the training set and the generalisation error 
is very important. The generalisation error quantifies the expected amount of incorrectness 
when the model is used to predict the target in a test sample. In other words, it quantifies 
how well the model generalises to new data.
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For example, the dropout rate for a sample of students may be predicted perfectly by a 
very flexible model, but in most cases, the interesting question is how well it does in predict-
ing the dropout rate for new groups of students. Therefore, evaluation in predictive model-
ling, to a large part, means studying how to construct reliable statistical estimators for the 
generalisation error.

A sufficiently flexible model can learn the complete pattern of the training data, which 
can result in overfitting, because random noise in data becomes part of what is learned. 
Overfitting is mainly determined by the following properties:

•	 It is more likely, the more flexible our model space is. Deep neural networks can overfit 
more easily than a simple linear regression.

•	 It is more likely, the more aggressively we optimise the model class. ML often uses simpler 
optimisation techniques and early stopping of optimisation to counter overfitting here.

•	 It is more likely, the more features we have at our disposal for modelling.
•	 It is less likely, the more data we have for training. Given an infinite amount of data, over-

fitting, in theory, does not happen. Unfortunately, in the educational sciences, one often 
must deal with rather limited sample sizes.

This implies that overfitting may also occur with linear models, such as in small sample 
situations where the feature space is sufficiently high-dimensional (which is why an adjusted 
R2, corrected for the number of features, is often reported). This phenomenon causes the 
resulting model to make no or only very few prediction errors for the training data, while 
performing poorly with new, unknown data, in terms of predictive accuracy, which is what 
we are ultimately interested in.

Figure 6 shows the principle of overfitting for the example of a polynomial regression. 
Using a low-degree polynomial, the regression is not capable of modelling the truly under-
lying distribution properly due to inflexibility (underfitting). In this example, overfitting starts 
after using a degree of five.

Various metrics for the evaluation of both classification and regression are available. A 
good overview of the most common ones is given by Janocha and Czarnecki (2017) and 
provided in Appendix S1. In regression, the mean squared error (MSE) is frequently used 
to quantify model performance: the differences between all true values and respective pre-
dicted values are squared, added up and divided by the number of cases. The lower the 
MSE, the better the model performance. As outlined above, R2 is a comparison of MSEs of 
two different models. On training data, its value lies between 0 and 1 (as a linear model is 
more flexible than a single constant). The ratio of the two is subtracted from 1 to simply turn 
it into a positive measure where R2 = 1 corresponds to the optimal value (MSE of the linear 
model equals 0) and 0 corresponds to the worst possible value (the MSE of the linear model 
equals the MSE of the constant model). Note that this metric could also be applied to test 
data, in which case R2 could also become negative, due to overfitting.

The mean absolute error (MAE) is a similar metric which uses the absolute error between 
all true and predicted values instead of the squared errors. In comparison to the MSE, omit-
ting the squaring of the error renders this metric more robust against outliers in the data.

The most common performance measures used for classification tasks are the rate of 
wrongly classified labels, that is, the classification error (CE) and its counterpart, the accu-
racy (ACC), which is the rate of correctly classified labels.

In cases of (highly) imbalanced data and/or where prediction errors on one class can 
have a more negative effect than the other, accuracy and classification error are not an ideal 
choice. A good hybrid is provided by receiver operating characteristic (ROC) measures, 
which are based on the confusion matrix in Figure 2. The confusion matrix tabulates true 
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classes versus predicted classes and therefore displays the number of errors per class and 
prediction category.

A related approach are ROC curves for binary classification, often used when classes 
are imbalanced or of different importance, but the costs of misclassifying these classes 
are unknown Fawcett (2006). In ROC analysis, it is assumed that the classifier produces a 
numerical score (or probability) which indicates its preference for the positive class. Given 
a threshold, one can now dichotomise these scores, hence each threshold gives rise to a 
different binary classification and thus its own confusion matrix. Due to the unknown costs, it 
is unclear which of these thresholds is preferable. ROC analysis computes the true positive 
rate and false positive rate (or the true positive rate and the positive predictive value) for all 
potential thresholds (i.e., for all resulting confusion matrices) and visualize them as a curve 
(Figure 3). This approach has been found to be particularly helpful for decision making in 
the educational context, such as early warning systems for dropout (Bowers & Zhou, 2019) 
or to improve curricular content (Campo et al., 2010). In education, the combination of spec-
ificity and sensitivity is particularly important to, for example, not miss students at risk but on 
the other hand not waste resources on students actually not in need (Kilgus et al., 2012). In 
order to compare different classification models, ROC curves can be aggregated to a single 
value by calculating the Area Under the Curve (AUC), which is a widely used performance 
measure. It can be interpreted as the probability of the model to rank a randomly chosen 
positive observation higher than a random negative one. This is equivalent to the Wilcoxon 
rank-sum test (Hanley & McNeil, 1982).

Possible values for the AUC lie between 0 and 1. However, for a binary classification 
task, a value of 0.5 can already be obtained by chance—that is, a model which randomly 
labels its predictions based on the prior class distribution. Consequently, a useful model 
should clearly outperform this value. Aulck et al. (2016), for example, use the AUC to com-
pare the performance of a regularised logistic regression, a random forest, and a k-nearest 
neighbours algorithm and show that the logistic regression outperformed the other models 
in predicting student dropout.

Although the AUC is naturally limited to two-class problems, its idea can be transferred to 
multiclass classification in several ways. A good overview of common multiclass classifica-
tion AUC measures can be found in Hand and Till (2001).

The multitude of performance measures may seem confusing at first glance and especially 
the choice of a suitable measure is not always clear. It largely depends on the underlying appli-
cation and, of course, the associated target variable and some recommendations can be made, 
such as AUC and F1 for binary classification tasks. For multiclass problems, the Log-Loss could 
be used, whereas for regression, the MSE is a typical choice as performance measure.

Resampling

In order to capture and smooth out the inherent variance in ML test error estimation, result-
ing from the random construction of train-test splits on a given dataset, the holdout process 
is typically repeated and all test performances are averaged (Bischl et al., 2012) (Figure 4).

One of the most common practices to evaluate model performance in ML is called cross-
validation (CV)—it is illustrated in Figure 5. In order to most efficiently and uniformly use the 
available data, CV partitions the data into k disjoint test sets, where k denotes the number 
of iterations, the so-called folds. In each iteration, a single fold is selected for testing, while 
the model is trained on the remaining folds. At the end, all test-block performances are av-
eraged. This technique is so popular because it effectively ‘recycles’ the sample by using 
each of the k splits one time as test set, so that also each observation is tested exactly once.
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Especially on smaller datasets, many train-test repeats with smaller test set sizes should 
be performed. For data with a few thousand observations, 10-fold CV is a recommended 
standard. Small sample size scenarios with n < 500 or n < 200, other techniques might be 
considered. Here, leave-one-out CV, where each training set of the CV consists of n − 1 data 
points, and one tests on only one ‘left out’ example is often recommended. However, the es-
timator is known to have considerable variance and modern evaluation rather recommends 
repeating the CV multiple times with a high number of folds and repetitions and average over 
both repetitions and folds (Bischl et al., 2012).

A word of warning: even if the available dataset is large and one would therefore like 
to choose a simple train-test holdout approach (i.e., k = 1) for computational simplicity 
and efficiency, small sample size effects can still be active. Typical situations unfold 
when classes in binary classification or observation subgroups (e.g., defined by one or 
multiple categorical features) are of highly imbalanced sizes and some groups of interest 
are rather small. In such cases, repeated CV might still be the recommend choice. An 
advisable rule of thumb is: if the measure of interest exhibits a high variance, smooth it 
out by repetition.

Another important consideration is the stratification of the sample: if the data are 
highly imbalanced regarding a potentially influential class variable, it is recommended 
to stratify during resampling, which is to keep the class ratio of the target variable con-
stant across all splits according to the overall class ratio (e.g., the same ratio of men and 
women in a gender prediction task or the same ratio of different school types). Moreover, 
if the data contain spatial or temporal structures, it is most often desirable to keep them 
intact during resampling. For example, if the data is sampled from three different school 
years, it can be advisable to train on the data of two years and predict on the data of the 
remaining year.

F I G U R E  2   Confusion matrix
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Bias and variance

Bias and variance are concepts closely related to model complexity. The bias of a model 
quantifies its tendency to be ‘systematically off’ with respect to the true underlying functional 
relationship in the data. Bias is closely connected to structural assumptions in the model 

F I G U R E  3   ROC curve with different thresholds

F I G U R E  4   Workflow of machine learning modeling: The dataset D is split into a train and test set. The 
learner fits a model on the training data. The learner and the resulting model are the representation of the 
learning process. The resulting model predicts the target variable in the test data. Its performance is then 
evaluated on those predictions given a performance measure. The repetitive application of this procedure is 
called resampling
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class (e.g., being linear in the raw features) and therefore also to the model's tendency to 
underfit. The variance of a model quantifies its tendency to vary, when the same learner 
is fitted on similar different subsamples from the same underlying distribution. High vari-
ance implies that a model fluctuates strongly under this resampling process and is therefore 
unstable.

It can be shown that the generalisation error in supervised ML can be partitioned into 
three components: squared bias, variance and irreducible noise of the underlying distribu-
tion. Less complex models exhibit a stronger bias but less variance, whereas the opposite 
holds for more complex models and their hypothesis spaces. A strong bias implies that, if 
the bias of the model matches the properties of the underlying data distribution and true 
functional relationship in the data, it can be learned efficiently despite sample sizes and still 
generalise well. If the bias does not match the properties of the true functional relationship, 
the model is doomed to underfit. Again, a linear model serves as a good example: if the 

F I G U R E  5   Example of a threefold cross-validation. The dataset D is split into three equally sized subsets. 
The fitting and evaluation procedure of the model is repeated three times, with a different subset serving 
as training sample each time. The performances of the three test sets are aggregated to a final score. (a) 
Polynomial models with different degrees fitted to the training data. (b) Difference between train and test error 
for polynomials of different degrees

F I G U R E  6   Figure (a) shows regressions of different polynomial degrees: too simple models “underfit” 
the data while too complex models tend to “overfit”. Figure (b) shows the performance with test data, as 
quantified by the means squared error, for different polynomials of different degrees. After a degree of five, 
the performance with the test data worsens the more the polynomial degree increases. This illustrates how 
overfitting to the training data results in inferior predictive performance. The figure is taken from (Bischl, 2020)
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underlying relationship is truly linear, the model may learn it even when the data are sparse. 
This can be advantageous in studies with small samples, such as the analysis of teaching 
quality with questionnaires in a school. However, if the true relationship has a negligible lin-
ear component, the model learns mostly noise, even with much data, such as when analys-
ing large MOOC datasets. More complex hypothesis spaces with larger variance but small 
bias carry a lower risk of underfitting, but usually need larger sample sizes to drive down the 
error component due to their variance (e.g., a deep neural network).

A reasonable question is how this theoretical understanding can be exploited to minimise 
generalisation error. As bias and variance are somewhat at odds with each other, it is nec-
essary to find the best possible trade-off between the two. Usually, this is achieved through 
model comparison via cross-validation. A tendency towards simpler models in ML, to exploit 
their better properties to efficiently work with smaller sample sizes, is sometimes called 
structural regularisation. This is also part of the reason (among several other advantages) 
why we recommend in the section ‘Model classes’ to gradually move from less complex 
models to more complex ones when trying out ML models on a new task.

Model parameters can be similar between subsamples (i.e., the variance is small), but the 
model will probably be an inadequate representation of the true underlying data structure. 
Because avoiding ill-fitting models was part of the reason for applying ML in the first place, 
simply accepting high bias cannot be the way to go. Yet, if the bias is reduced by applying 
more flexible models to the data, the variance is typically increased, because the idiosyn-
cratic randomness of the subsamples is modelled. This leads to very different model param-
eters in each subsample. In consequence, the generalisation error is high and the model 
will be rather unsuitable for future prediction. Thus, reducing the bias generally increases 
the variance and vice versa. We therefore must deal with the tradeoff between bias and 
variance, depicted in Figure 6, and one primary goal of ML modelling is to find the optimal 
model complexity for accurate prediction (low bias and variance), which is usually achieved 
by estimating models of different complexity and estimating the generalisation error (e.g., 
via cross-validation).

Flexible model types can adapt to the specific characteristics of training sets and there-
fore show higher variance in the prediction of test data. Inflexible models, on the other hand, 
are confined to their restrictions (such as linearity), meaning that their predictions typically 
have a high bias (Figure 7).

Optimisation

The performance of many predictive algorithms depends on so-called hyperparameters. 
These model-internal parameters influence the model-space of the learning algorithm or its 
fitting process. The penalty parameter in a regularised regression model or the number of 
split variables in a random forest are examples of such hyperparameters. Hyperparameters 
are not learned by training, but must be set in advance, by the user or by (hopefully ad-
equate) defaults in software.

Unfortunately, hyperparameter configurations often need to vary for different tasks, with 
generalisable and robust default heuristics being often hard to define. The process of finding 
the optimal hyperparameter configuration in data-centred fashion is called tuning.

Tuning is usually conducted in a black-box optimisation fashion, see Figure 9, where 
configurations are evaluated by their cross-validated score (which is computationally expen-
sive) and then iteratively improved by a derivative-free method, such as grid search, random 
search (see Bergstra & Bengio, 2012), or model-based approaches (e.g., Bayesian optimi-
sation; see Bischl et al., 2017). Whereas grid search uses every possible combination of 
hyperparameters in a predefined search grid, random search tries out a chosen number of 
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random combinations. The latter method is typically recommended (see Bergstra & Bengio, 
2012). Model-based optimisation is more appropriate for high-dimensional search spaces 
and iteratively improves by trying to balance exploration and exploitation in the search pro-
cess through ML on the inside (i.e., using a ML model to optimise the settings of another 
model). A review of common optimisation methods is provided in Luo (2016).

Tuning requires an additional, independent resampling loop (see Figure 8), because re-
peatedly evaluating all hyperparameter configurations on the same cross-validation splits 
would add an optimistic bias to the evaluation. The additional resampling loop is used to 
avoid this problem by keeping the tuning process strictly separated from the general model 
evaluation: the outer split is created to obtain a test set, which is only used for the final 
model evaluation after the tuning, and an outer training set. The outer training set is again 
separated into an inner test set, the inner split, which is only used to evaluate the hyperpa-
rameter configurations, and an inner training set on which the models, configured with those 
hyperparameter configurations, are trained. So, in summary, the inner loop is used for tuning 
evaluation and the outer loop for final model evaluation. Often, this technique is extended 
to performing two cross-validations: one on the inner resampling loop, another one on the 
outer (see Simon, 2007). This is called nested cross-validation and visualised in Figure 8.

Preprocessing

While there are many types and sources of raw, unprocessed data, the collected data usu-
ally cannot be analysed without preparation. Just like in classical statistical analyses, the 
raw data needs to be cleaned during the data preprocessing step. The preparation of data-
sets is neither a novel process for most educational researchers nor unique to ML. For 
example, various data transformations to meet particular model assumptions have been 
developed and proposed in the fields of psychology, education and economics, such as 
log-transformations or the Box-Cox transformation (Osborne, 2010). (However, there are 

F I G U R E  7   Relation of bias and variance
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several important arguments for a thoughtful and careful use of the transformations and fit-
ting the adequate models instead of transforming the data in order to use, for example, linear 
regressions; e.g., O'Hara & Kotze, 2010; Osborne, 2002.)

The complexity of the data, as for example in sensor data or other digital footprints, 
makes it an integral part of ML modelling, which should be integrated in the resampling 
process, described in the section ‘Resampling’. This is particularly relevant if data-driven 
decisions on the complete dataset have to be made during preprocessing (e.g., dimension-
ality reduction or transformations). In general, preprocessing is a complex and often cum-
bersome procedure. However, major parts including the handling of missings, the checking 
for feasible values (technically and content-wise), or the processing of different formats (e.g., 
time or text) are recurring problems.

F I G U R E  8   Nested cross-validation with three inner and three outer folds used for tuning: Each 
hyperparameter configuration (HPC) is evaluated on an inner cross-validation fold, while the resulting tuned 
model is evaluated on the outer loop. D denotes the data
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Regardless of the different preprocessing methods, an Exploratory Data Analysis (EDA) 
should be started in univariate fashion and extended to bi- and multivariate approaches. 
The univariate analysis should include a histogram or boxplot for numeric variables as a first 
visual indicator as well as summary statistics including the mean, the median, and also the 
minimal and maximal values. Moreover, the number of missing values might need special 
treatment. When looking at the created plots, one should always check whether the given 
values are plausible. While a student's IQ of 153 might be rare but still possible, a human 
age of −77 or 999 years is not. Detecting and resolving such inconsistencies within the data 
can be crucial for the later analysis.

As in classical statistics, typical preprocessing steps in ML are

•	 handling of missing values including the detection of hidden ones,
•	 encoding of categorical variables (factor encoding), and
•	 dealing with imbalances in the target variable.

How much preprocessing is needed strongly depends on the targeted ML algorithms. 
A tree-based method, for example, can naturally deal with missing (through transforma-
tion) or categorical values (the latter are also called factors). Hence, there is usually no 
need to worry about imputation (of missing values) or factor encoding. Other algorithms, 
like Gaussian processes or k-nearest neighbours, are based on numeric distances. As a 
result, character strings or categorical variables need to be transformed into numeric values. 
Although this can be achieved in different ways, dummy- or one-hot-encoding is probably 
the most common approach. Its idea is to replace the original categorical variable with in-
dividual binary-coded variables. Each of the categories is transformed into such a binary 
variable, except for one, which serves as the reference category. An additional aspect to 
consider in educational data is the granularity of the level, such as the analysis on the key-
stroke level or values aggregated by session, student, classroom or school (see Romero & 
Ventura, 2013).

Also, especially in educational research, the ‘art’ of imputing missing values is still a 
current research topic. There are procedures of different complexity, depending not only on 
the learner (i.e., the untrained model) but also on the type of variable containing the missing 
values; that is, whether they are numerical or categorical values that must be imputed. For 
numeric variables, missing values may be imputed by the mean or the median value of the 
variable. More complex methods take the distribution into account (histogram imputation) 
or use an additional ML model to predict the missing values based on the other variables 
in the dataset. For tree-based methods, it is also common to ‘separate’ the missing values 
by imputing them with outlying values (i.e., 2 × max(xk)), to help the tree to separate these 
from the other data. Doing so allows the tree to easily distinguish between the missing and 
other values. For categorical variables, this separation is trivially possible by creating a new 
category for the missing values. As mentioned above, missing values can be predicted by 
an additional model, created exactly for this purpose.

F I G U R E  9   Hyperparameter tuning: A hyperparameter configuration is proposed, the enters the model, 
which is evaluated through resampling. The Optimizer receives the performance, adapts the hyperparameters 
and the next iteration starts. (a) Permutation Importance (b) Partial Dependence Plot
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Typically, a whole set of the preprocessing steps is needed to solve a task. Since the 
steps are usually executed in serial fashion, the process is often called pipeline. In general, 
it is important to implement a modelling pipeline directly into the resampling procedures, 
described in the section ‘Resampling’. This standardised procedure ensures that unbiased 
estimates of the model's generalisation error can be obtained. Since a wide range of pre-
processing options exists to deal with certain situations, different choices lead to different 
pipelines. Hence, to find the optimal pipeline for the given task, tuning can be used.

Prediction and explanation

In an influential article, Breiman et al. (2001b) proposed two general philosophies of statisti-
cal modelling: a data modelling culture, assuming a prespecified (true) theoretical model for 
the distribution (e.g., the assumption of a linear relationship between variables X and Y in 
the population) and an algorithmic modelling culture, treating the distribution as potentially 
complex and unknown. Today, the distinction of these two approaches to statistical mod-
elling has become blurred. However, intuitively, it seems clear that the first direction ap-
pears preferable from a theory-driven point of view, which is prevalent in many behavioural 
sciences, such as psychology (e.g., Haig, 2019), sociology (Ritzer & Stepnisky, 2020), or 
the educational sciences (e.g., Kunter, Baumert, et al., 2013; Wulf, 2003). However, even 
in classical theory-driven sciences, the inclusion of data-driven ML methods has already 
led to huge advances in both understanding and predicting the phenomena of interest. In 
linguistics, for example, researchers have been struggling for decades to unravel how hu-
mans produce speech—a topic that is particularly relevant for education with its focus on 
communication. Only recently, with the release of latest ML-based language models (e.g., 
transformers: RoBERTa, BERT, GPT-3), computers can produce almost human-like lan-
guage with enough training data (Solaiman et al., 2019). Keeping in mind that ML models are 
particularly popular in economic contexts, it is reasonable to assume that ML emphasises 
out-of-sample prediction and cross-validation so much, because it was designed to work 
and generate predictions with an actual (often financial) merit.

As we have discussed in the previous sections, model quality is operationalised some-
what differently in ML compared to classical statistics. In the classical statistical approach 
typically taken in the educational sciences, models are rarely tested for their performance 
on new data. The term ‘prediction’ is somewhat misleading in the way it is used in the con-
text of classical in-sample modelling, because the predicted data has already been used to 
fit the model. Whereas the terms prediction and estimation are often used interchangeably, 
predictions in the true meaning of the word, are made for unknown (future) data (so, a bit 
provocatively, it could be argued that ‘postdiction’ may be a more fitting term for estimation). 
The same notion holds true for the evaluation of model performance. Estimating the perfor-
mance of a model on the same data it was used to fit will likely lead to an overestimated pre-
dictive performance on new data (see, e.g., Stachl, Pargent, et al., 2020; Yarkoni & Westfall, 
2017). This is particularly relevant for analyses that include many predictors such as TIMSS, 
PISA, MT21 or TALIS, which typically use enormous assessment batteries (see the sec-
tion ‘Voluminous data’). Even though—due to convergence problems in classical statistical 
models—these variables never enter the analysis together, the large number of individual 
publications based on these large-scale studies draws a strongly biased picture of the actual 
predictive power of the derived models. This is problematic for education, because these 
publications often trigger changes in educational systems, for example in the teacher edu-
cation or school structures, and should therefore be reliable and unbiased.

Theoretically elegant models with limited predictive capacity are prone to impede scientific 
progress and may lead to models that—in the worst case—ignore highly salient patterns in 
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the data (Shmueli, 2010; Yarkoni & Westfall, 2017). Importantly, emphasising the predictive 
validity of models does not oppose explanatory value but rather complements it and can in 
some cases even prevent erroneous explanations. As visible in Figure 6, simply fitting a flex-
ible model to the data results in an overestimation of the amount of variance the model can 
explain. Thus, the explanatory and the predictive capacities of the model are impaired. This 
brings us to another important topic, strongly tied to the future of the educational sciences: 
replicability. Many published scientific results, especially in the field of behavioural sciences 
and most prominently (social) psychology, have shown to be not replicable (Collaboration 
et al., 2015; Klein et al., 2018), meaning that they do not actually apply in the general popu-
lation and therefore are scientifically worthless.

Reasons for this lack of replicability are manifold: because positive results tend to ap-
pear more ‘exciting’, they are more likely to be published, so that the resulting pattern of 
published results is strongly biased (the so-called ‘publication bias’). Since publications and 
impact factors of the publishing journals are major currencies in the academic system (see 
Brembs et al., 2013, for an interesting perspective), coincidentally positive results are not 
outweighed by negative results, as those stay in the file drawer (Ioannidis, 2005). Also, em-
pirical researchers tend to apply questionable research practices, such as cherry picking of 
results, optional stopping during the assessment when the results just happen to support the 
hypothesis, selective removal of cases, deliberate inclusion and exclusion of covariates, and 
many others, by now widely known under the term p-hacking (Simmons et al., 2011). John 
et al. (2012) showed that most researchers in their sample reported to have applied at least 
one questionable research practice, oftentimes without being aware of any misconduct. 
This leads to many underpowered studies in the behavioural sciences and results in the 
observed lack of replicability (Higginson & Munafò, 2016; Maxwell, 2004; Schoenfeld, 2018).

Relating these practices to ML, Yarkoni and Westfall (2017) described p-hacking as ‘pro-
cedural overfitting’, thereby highlighting that the process of applying questionable research 
practices lead to an overfit to the data and therefore to a lack of replicability. Even though a 
stronger focus on prediction does not rule out questionable research practices, the process 
of selecting the best-fitting model to predict novel data at least prevents the process of using 
these practices to produce an overfit to the training data. As shown in the previous sections, 
overfitting the model to the training data worsens the performance for the test sample: the 
result obtained in the training sample cannot be replicated with the test sample. Also, since 
there is no clear cutoff value, applying measures to just pass the threshold of statistical sig-
nificance becomes obsolete. Notably, this idea has already been brought forward as ‘bring 
your own α’ for classical (frequentist) analyses (Lakens et al., 2018). Thus, a prediction-
based focus in modelling will not end the replication crisis and an exhaustive discussion of 
this topic goes far beyond the scope of this review, but it may surely help paving the way for 
a more reliable empirical science in the field of education.

Interpretable machine learning

Despite the prediction-centred approach of ML, researchers have developed several ap-
proaches to better understanding the inner workings of models and to quantify the impact 
and interactions of features. Model explanation is particularly important in flexible black-box 
models (e.g., ensembles), that do not offer model coefficients (e.g., beta-coefficients in linear 
regression) themselves (see Biecek & Burzykowski, 2021; Molnar, 2020, for a good overview). 
For the educational sciences, model interpretation or explanation is crucial, because improving 
education is a continuous task for societies. Hence, information on the relationships between 
individual variables is key for pushing the right buttons to achieve positive consequences in 
this context. Also, model interpretation is essential to evaluate algorithmic fairness and model 
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security (e.g., adversarial attacks in essay grading or privacy protection), topics that are cov-
ered in subsequent sections. Although not always straightforward (e.g., as the estimation of 
standardised weight parameters in linear regression models), the importance of variables can 
be quantified using auxiliary techniques (e.g., Breiman, 2001a, 2001b). These include permut-
ing the values of each feature and observing the related decrease in model performance after 
predicting on the permuted data, as depicted in Figure 10a. The use of visualisations can also 
be enlightening, especially for potential inferences about causality (see, Zhao & Hastie, 2019). 
The following sections will report on some of the most common techniques of IML. However, 
interpretable machine learning is a relatively young and vivid field of research and novel meth-
ods are continuously developed. Moreover, if applied incorrectly, various pitfalls of ML model 
interpretation lurk, such as erroneous model generalisation, dependent features, feature inter-
actions or unjustified causal interpretations. An overview for the practitioner on common IML 
pitfalls and solutions on how to avoid them are presented in Molnar et al. (2020).

Permutation importance

Permutation feature importance was originally introduced by Breiman (2001a, 2001b) as a 
built-in feature of the random forest algorithm. The idea behind it is very intuitive: if a feature 
is important for the prediction and we then permute the values of this feature, the prediction 
performance should become weaker. However, if the prediction performance remains almost 
unchanged, the feature is probably unimportant. The permutation feature importance is then 
equal to the measured loss of predictive performance between the predictions for the original 
data and the permuted one. An example for this can be seen in Figure 10a for predicting scores 
of a reading test. While permutation importance was introduced with the random forest, it is a 
model-agnostic method and can hence be used irrespective of the applied learning algorithm. 
Permutation feature importance measures are sensitive to correlations between predictors, 
causing highly correlated features to appear relatively disadvantaged in the feature ranking. 
This aspect does reflect the reality of the model (i.e., correlated predictors are only used in a 
subset of the trees in the forest) but can complicate interpretation if the potential unique contri-
bution of a feature is of interest. Alternative methods (Strobl et al., 2008) have been proposed 
to quantify the importance of predictors regarding their correlation with other features.

Partial dependence plots

Partial dependence (PD) plots show the marginal effect of a single feature on the target vari-
able, when integrating over all other covariates (Friedman, 2001). An example of a PD plot is 
depicted in Figure 10b. In other words, the plot shows the average predictions for the target 
variable under the assumption that the value in one or two features had a certain value, not 
accounting for correlations with other features and interactive effects. PD plots can also 
be computed for selected pairs of features and then represented as a 2D heatmap or a 3D 
surface plot.

Individual conditional expectation plots

On the local level (i.e., for individual cases), individual conditional expectation (ICE) or ce-
teris paribus (CP) plots show the change in the predicted value for a single feature, when 
conditioned on a specific observation (e.g., for one measure obtained from a single student). 
Therefore, all remaining features are held constant to the observed values, and predictions 
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are calculated simply by varying the covariate under consideration. ICE plots for a specific 
feature are typically computed for all observations in a data set and plotted together. It can 
be shown that the average of all ICE curves coincides with the PD curve (Goldstein et al., 
2015). In addition to PD plots, ICEs can be helpful to identify interactions between features 
in the dataset. Interactions can be indicated by diverging lines in the ICE plot. If all lines are 
parallel, usually a homogeneous effect of the covariate is assumed. Figure 10b shows the 
individual relationships between writing scores and the predicted reading scores in the PD 
plot in the background of the integrated PD line.

Counterfactual explanations

In contrast to previously introduced methods, so-called local interpretation methods which 
try to explain single predictions such as ‘why did student A receive this score in a writing 
test based on these feature values?’ Wachter et al. (2017) proposed to use counterfactuals 
to describe single predictions. A counterfactual explanation describes a causal situation of 
the form ‘if X had not occurred, Y would not have occurred’. In other words, it describes the 
smallest change to the feature values that changes the prediction to a predefined output. 
Additionally, a counterfactual explanation should meet the following criteria (Molnar, 2020): it 
should produce the predefined prediction as closely as possible, be as similar as possible to 
the instance regarding feature values, change as few features as possible and have feature 
values that are plausible. Whereas Wachter et al. (2017) use a weighted combination of the 
first two criteria as optimisation function to determine counterfactuals, Dandl et al. (2020) 
suggest to simultaneously optimise those four criteria by multi-objective optimisation using 
the Nondominated Sorting Genetic Algorithm or short NSGA-II by Deb et al. (2002).

Machine learning and fairness

Fairness is one of the central topics in educational sciences (Mashek & Hammer, 2011). It 
must be considered in standardised assessment (such as standardised achievement tests) 

F I G U R E  10   (a) Permutation Feature Importance: The score in a reading test is predicted by seven 
features, depicted on the y-axis: writing.score = the score in a writing test; math.score = the score in a 
mathematics test; gender = the gender of the student; parental.level.of.education = the parents’ highest 
academic degree or non-academic degree qualification; race.ethnicity = the ethnicity of the student; test.
preparation.course = a dummy variable indicating the completion/ non-completion of a test preparation course; 
lunch = the entitlement/ non-entitlement to a free or reduced lunch. The x axis depicts the deterioration in 
the mean absolute error following the permutation of the values of each feature. (b) PDP of a random forest 
Regression model. It shows the effect of the covariate writing score (writing.score, x axis) on the obtained 
reading score of n = 1000 children. (b) shows the marginal effect in the foreground (yellow) as well as the ICEs 
as individual lines in the background (grey)
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and when it comes to unstandardised but complex decision making (such as assignment to 
different school types). Unfairness may root in unfair assessment, but unequal (educational) 
opportunities can also occur due to real differences in achievement of, for example, differ-
ent social groups (Gipps & Stobart, 2009). Deeper social inequalities are discussed as the 
origin of these actual differences in performance (Mashek & Hammer, 2011). ML can detect 
both kinds of inequalities. In terms of unfair, biased assessment, it offers promising tools and 
methods to reduce or even eliminate the influence of discriminating characteristics in as-
sessment (e.g., Kusner & Loftus, 2020). In terms of inequalities that root in social structures, 
it can reveal relevant characteristics and therefore offer valuable insights for promotion pro-
grammes and special training. This can be achieved, for example, by using online data to 
identify behaviour and personal characteristics that lead to course dropout (Lykourentzou 
et al., 2009). At the same time, the unreflected use of ML models can perpetuate and amplify 
biases in the training data (e.g., existing social disadvantages) that can lead to algorithmic 
bias and discrimination (Buolamwini, 2018, e.g., by race).

Fairness in educational assessment

Fairness has been a sensitive topic in educational assessment for a long time (e.g., OECD, 
2019b). Comparisons along different demographic dimensions, like social status, gender or 
migration status, reveal broad and continuous discrepancies in achievement (for examples 
see further analyses of PISA, TIMSS or PIRLS, Entorf & Minoiu, 2005; Schubert & Becker, 
2010) and the social sciences offer several theories on how these discrepancies emerge 
and how they are ignored (Feagin, 1992; Henrich et al., 2010). In standardised assessment, 
individual achievement is typically referenced to a norm group. Accounting for well-known 
discrepancies in test scores, different norm tables are available for groups, such as male 
and female students, sometimes for students with a different mother tongue, or for people 
with divergent educational backgrounds (Nitko, 1996). This practice can at least account for 
linear shifts in the mapping of correctly answered items and test score. However, decision 
making in education is typically more complex, less comprehensible, and less standardised 
than a performance test: everyday fairness in evaluation and grading mainly depends on 
individual teachers. Even though biases in unstandardised assessments are discussed in 
teacher education, there are hardly any structures in practice that aim at monitoring fairness 
in daily school life or educational decision making (Brookhart, 1993). It is therefore not sur-
prising that empirical research persistently reports discrimination in the assessment of aca-
demic achievement and regarding access to higher education (for examples, see Freeman, 
2009; Ready & Wright, 2011). Most studies cited above used linear regression or covariance 
analyses to detect the dependencies of achievement and demographic characteristics. With 
these types of statistical analyses, only linear dependencies can be detected. Yet, discrimi-
nation is often inconspicuous and manifests itself through complex interactions of different 
predictors—reliable analyses must account for this complexity. We therefore plead for the 
use of ML for the analyses of inequalities in educational opportunities and the educational 
sciences in general. We first discuss pitfalls in the application of ML methods that can lead 
to or enhance unfairness. Second, we illustrate how the deliberate application of ML can be 
used to detect and to minimise inequalities in educational assessment and decision making.

Pitfalls to fair machine learning

In many cases, the application of ML algorithms has demonstrated the potential to produce 
and enhance existing inequalities. Hidden feedback loops, for example, are a well-known 
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problem in the context of ML applications. They occur when the application of an algorithm 
influences the data it uses to learn and may result in plain computational bugs, such as 
endlessly increasing font sizes (Sculley et al., 2014), but can also deepen social inequali-
ties when ML algorithms are applied in critical contexts (Kusner & Loftus, 2020). This is the 
case, particularly, when sub-populations and underrepresented groups are discriminated 
by the algorithm (see Liu et al., 2018). In this sense, hidden feedback loops can undermine 
the potential benefits of predictive models, by perpetuating existing inequalities and biases.

In a recent example of algorithmic unfairness, predictive grading was used in colleges 
in the United Kingdom to substitute for cancelled exams, due to the COVID-19 pandemic 
(Porter, 2020). The algorithm used the ranking of students within their school and the 
school's historical performance as predictors for the prediction of the grades. Unfortunately, 
the school's historical performance (and therefore the predicted grades) was highly cor-
related with socioeconomic status of the students: for the same performance on an individ-
ual level, students in rich colleges received better grades compared to those in poorer ones. 
In another instance, the evaluation of a teacher's performance was based on their students’ 
past performance and the degree to which their grades exceeded the expectations (Strauss, 
2015). This approach, however, led to the absurd case that already very good students 
would cause the teacher's performance evaluation to drop (i.e., students could not exceed 
the very best grades they were already having). These examples highlight that algorithmic 
transparency is crucial and call for a rigorous science of IML. These calls have become loud 
and frequent (Doshi-Velez & Kim, 2017) and it will be a constant challenge to ensure that ML 
models are strictly in line with ethical values (Irving & Askell, 2019).

The topic is especially relevant in education, because multiple inequalities are already 
present in educational systems (Freeman, 2009; Mashek & Hammer, 2011). If, for example, 
an algorithm predicts a low retention probability for a certain group of students and teach-
ers therefore stop fostering these students, because they believe it to be pointless, the 
probability of retention becomes even lower for this group—the negative feedback loop is 
complete. This phenomenon is well-known under the term ‘Pygmalion effect’ (see Friedrich 
et al., 2015).

Machine learning for fairness

Despite the issues discussed above, ML models can also be effectively used to enhance 
fairness. For a first argument, we propose to use ML to detect existing inequalities in as-
sessment tools, like standardised tests. Predicting gender or migration status from single 
items should not be possible—not even with complex non-linear ML algorithms. If, however, 
we are able to do so, we can use the techniques described in the IML section to detect the 
sources of inequalities and revise the items that caused the unfairness.

Second, a paradigm shift towards prediction also comes with a reconsideration of predic-
tor variables, thus, consequences for the feature selection. Former studies regularly used 
demographic data to ‘explain’ unequal performances in different demographic groups (for 
example, Freeman, 2009; Reilly et al., 2019). In the context of ML, recent research has 
shown: algorithms mining through large amounts of data can be scarily successful at pre-
dicting highly sensitive personal attributes, such as sexual orientation, ethnicity or political 
as well as religious views (Kosinski et al., 2013), which can be readily used for discrimina-
tion. Kotsiantis (2012) demonstrated almost a decade ago that demographic data could also 
be used to predict students’ performance—a possibility that is surely tempting but leads 
down a dangerous path, as shown above. To counteract this, sophisticated algorithms have 
been proposed to produce fair ML models. These fair ML models are able to include de-
mographic information and avoid vicious feedback loops at the same time (Kilbertus et al., 
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2020; Kusner et al., 2017). Still, this field of research is very young and a state-of-the-art 
solution is yet to be found (Corbett-Davies & Goel, 2018). Nonetheless, we stress that for ML 
models for decision-making with consequences for individuals, fairness of ML models must 
be investigated and assured.

Machine learning and privacy protection

Finally, privacy protection is an aspect that deserves attention, as ML in the educational sci-
ences is currently leaving the stage of single research projects behind and becoming part of 
public applications and shared data projects. In the past, privacy protection in educational 
research was mainly insured by anonymisation of the data (Aggarwal, 2005), which was se-
curely stored and deleted after a certain period of time. Yet, in recent years, a large number 
of public data repositories and MOOCs storing educational data has emerged and contin-
ues to grow. One example is the Pittsburgh Science of Learning Center (PSLC) DataShop 
(Koedinger et al., 2008), which makes substantial quantities of data from a variety of on-
line learning environments available to researchers worldwide. About 14% of the papers 
published in the conferences of educational data mining EDM2008 and EDM2009 utilised 
publicly available data from the PSLC DataShop (Baker & Yacef, 2009). Although open data 
initiatives are commendable, this development also highlights that different kinds of privacy 
threats have become highly relevant.

Today, the most relevant threats to privacy in the field of ML in the educational sciences 
seem to be membership inferences (identifying if data of individual persons are part of the 
datasets, which is particularly problematic for school data) and model memorisation attacks 
(aiming at reproducing properties/features of the original dataset from a model; Rigaki & 
Garcia, 2020).

One way to avoid these problems is to have models trained in distributed fashion. Instead 
of merging data on a centralised server, it can be partly analysed on the users’ own de-
vices. This can ensure that private information, such as GPS data, is not stored anywhere 
but on the users’ own computers (or phone, tablet, etc.). Another way is to aggregate data 
on the users’ devices and only send aggregate data to the server for analysis. This tech-
nique, of course, must correspond with the granularity of the analysed data (see the section 
‘Preprocessing’).

A measure to prevent membership inferences is the application of differential privacy 
measures. Differential privacy usually means intentionally inflicting noise in part of the ML 
process. The noise can be added to the raw data, the loss function or, even in the outcome 
model parameters (Liu et al., 2021). As measures of differential privacy sometimes reduce 
model accuracy in a non-acceptable way, encryption of the data can be an alternative. 
However, encryption of the data makes it harder to compute, tune and interpret models 
(Tanuwidjaja et al., 2020).

Construct validation

Latent constructs play a central role in the educational sciences. Large-scale studies 
have typically resulted in various models based on latent variables, such as the COACTIV 
(Cognitive Activation in the Classroom) study, which has been conducted to investigate 
teachers’ competencies and different domains of professional knowledge with regards to 
their effects on teaching quality and on students’ performance (Kunter, Baumert, et al., 
2013; Kunter, Klusmann, et al., 2013). The application of questionnaires makes the model-
ling of latent constructs inevitable in many research settings. Latent variables can be useful, 
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because the overreliance on a single parameter in item selection typically leads to a nar-
row focus and undesirable psychometric properties. However, these latent constructs are 
inherently theoretical and must be rigorously validated. Even though ML is mostly known for 
identifying strictly empirical associations and its often black box-like nature (Zhao & Hastie, 
2019), it can provide important contributions to the field of construct validation and thereby 
be of great help for the educational sciences.

The analysis of digital footprints or smartphone usage have been extensively shown to 
be related to latent psychological constructs, such as the Big Five personality traits (see 
Harari et al., 2019; Stachl, Au, et al., 2020; Stachl et al., 2017). While this field of research 
used to be exploratory in nature, it has become clear that these enormous exhibits of human 
behaviour can be far more than just interesting correlates of established questionnaires. 
They can serve as an important source for the validation of latent constructs (Bleidorn & 
Hopwood, 2019). Youyou et al. (2015), for example, showed that ML algorithms can use 
digital footprints in social media data to predict self-reported personality more accurately 
compared to predictions based on peer-ratings, if enough data is available. Moreover, a 
study by Park et al. (2015) showed that the assessment of social media language added 
incremental validity over classical informant reports and discriminated reliably between per-
sonality traits. Finally, researchers are becoming more comfortable with the idea that these 
rich representations of behaviour could not only be considered as manifestations of presum-
ably underlying latent traits but could be used to represent individual differences themselves 
(Boyd et al., 2020).

As described in the section ‘Educational (Big) Data’, the available digital footprints for 
construct validation in the educational sciences are manifold. The possibilities to extract 
records of behaviours on important variables, such as the drivers of students’ performance, 
can be valuable to improve learning quality (Ciolacu et al., 2017). Also, motivational con-
structs both on the students’ and on the teachers’ sides are crucial in this context (Tohidi & 
Jabbari, 2012) and therefore extremely relevant for the evaluation of the learning situation 
(Turabik & Baskan, 2015). These constructs are prone to be addressed and validated on the 
various levels of digital records that carry information about students’ behaviour (Ciolacu 
et al., 2018). Also, the assessment of social media language, as in Park et al. (2015) for the 
case of personality, could be a far more valid and less biased measure for students’ reading 
and writing skills compared to a single grade. It has already been shown that compound test 
scores, such as the SAT score, provide incremental validity over single high school grades, 
when predicting future performance (Camara & Echternacht, 2000). This only underlines 
how promising the analysis of broad digital records can be for the educational sciences.

Another problem that can be tackled by ML is the change in the validity of constructs. This 
phenomenon, known as concept drift in ML or as measurement invariance in psychometrics, 
can occur suddenly, gradually or in recurrent fashion (Lu et al., 2018). This is particularly 
relevant in the educational sciences, because model updating is an important factor in the 
standardisation, scaling and content analysis of educational tests, such as the SAT. If, for 
example, specific items in the SAT were used to predict academic performance in 1990, this 
is not necessarily the case in 2021. Also, latent variables as predictors of classroom perfor-
mance, as in the COACTIV study or studies surrounding the MTLT (Mathematics Teaching 
and Learning to Teach project; e.g., Hill et al., 2005; Kelcey et al., 2019; Kersting et al., 
2012), may not be as valid anymore as they used to be in the 2000s, when the studies were 
conducted. This is because technology as well as culture are constantly evolving, and sev-
eral structural changes have occurred in most educational systems during the last decade. 
Taken together: for digital records, a constant re-evaluation of the data streams can be a 
proper way to detect a drift and in the absence of constantly updated data, a broader cate-
gorisation of variables can at least establish some comparability between older and newer 
studies (Stachl, Pargent, et al., 2020).
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Two aspects to consider when it comes to the establishment of construct validity with ML 
are the more data-driven modelling approach and the addition of non-linearity that bring 
along important changes to scale construction. Some might argue that, similar to traditional 
scale construction procedures, digital indicators of a latent construct should only be included 
if this is clearly suggested by theory (Bleidorn & Hopwood, 2019). Although theoretical input 
for scale construction is very important, an exclusive focus on theoretically derived indica-
tors should not be a necessity for ML-based scales and could hinder the new opportunities 
that these methods offer (see Stachl, Pargent, et al., 2020). One of the strengths of ML-
based assessments lies in the ability to model more complex relationships and interactions 
in the data whereas traditional scale construction efforts are usually guided by confirmatory, 
linear structural equation modelling procedures. ML-based methods can therefore be of help 
to ensure that non-linear relationships with constructs are also accounted for.

Taken together, the opportunities of ML-based approaches for construct validation are 
manifold, due to their focus on robust prediction (Yarkoni & Westfall, 2017) and especially 
the data they can handle (Markowetz et al., 2014). The theory- and typically questionnaire-
based assessment of latent constructs can therefore greatly profit from these possibilities 
by adding incremental validity to self- and peer-ratings (Youyou et al., 2015), provide more 
behaviour-based measures of the constructs (Stachl et al., 2017), or even existing theories 
through consistent exploratory findings (Waljee et al., 2014). Negative external validity can 
be particularly helpful for the detection of problems with theoretical constructs and the way 
they were operationalised (see Bleidorn & Hopwood, 2019). Lastly, several ML-based solu-
tions for the decreasing validity of models have already been proposed and are prone to 
become more important with increasing use of digital records for educational research (Lu 
et al., 2018).

CONCLUSION AND OUTLOOK
The technological evolution during the last 20 years, particularly in the field of information 
technology, has impacted science on almost every level and resulted in a need for new data 
analysis techniques on the way. The widespread availability of massive amounts of data 
has triggered a methodological shift in behavioural research. However, the potential for 
the educational sciences has barely started to unfold. ML approaches are able to deal with 
large amounts of variables without encountering convergence problems and to learn high-
dimensional complex, non-linear relationships—this holds for digital Big Data and mobile 
sensor information from devices, such as smartphones, as well as large-scale studies.

ML can provide new perspectives on data analysis and provide a new standard for sta-
tistical models that also applies to classical research settings with smaller data samples. 
The prediction-based approach of ML in combination with resampling methods, such as CV, 
may help preventing the educational sciences from stumbling into a replication crisis, as we 
have seen in psychological research (and many other disciplines). In addition to the ability to 
handle many variables and to model complex relationships, the application of ML techniques 
in the educational sciences can help to improve the science as a whole. As described by 
Yarkoni and Westfall (2017), a stronger focus on prediction neither impedes theory-driven 
research nor does it render all models strictly exploratory black boxes. The fields of IML and 
fair ML are concerned with cracking open the black box that ML is often considered to be 
(Ratner, 2017).

Most importantly, the rise of big, behavioural data and ML is far from over. Best highlighted 
by the staggering educational catastrophe, induced by the ongoing COVID-19 pandemic 
(Gromada et al., 2020), educational trends such as home and remote schooling, virtual 
and mobile assessments, and behavioural and social tracking for personalised support and 
interventions are here to stay and will only become more relevant in the future. In the years 
to come, people will need more and better access to high quality educational and learning 
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resources, independent of time and location (e.g., Bakhmat et al., 2019). This goal can only 
be achieved by the creation of more automated, digital learning environments that take the 
specific needs of students into account and at the same time reduce the burden on already 
challenged teachers and educators (Ciolacu et al., 2017).

ML-based learning, assessment and support systems will play a central role in this devel-
opment. Moreover, future education will need to diverge from a one-size-fits-all approach to 
learning by considering the specific needs of individuals. Mobile, sensor-based data collec-
tions and ML prediction models will finally enable the widespread implementation of person-
alised learning experiences and support mechanisms in education. The skilled use of ML 
techniques by researchers in the educational sciences will be paramount in this develop-
ment. As part of this process, we expect stronger interconnections with other evolving fields 
that draw from the same sources of data, such as psycho-informatics with its focus on the 
use of smartphones and tracking data (Markowetz et al., 2014) and information science in 
general (Teasley, 2019).

Obviously, data mining will become even more relevant along with the ever-growing 
amount of educational data (see Romero & Ventura, 2020) and result in a stronger need 
for IML and a general understanding of related algorithms by researchers to advance the 
theoretical knowledge to the same degree. Finally, data literacy is going to become crucial 
for teachers and scholars in general (see Gould, 2017), especially with the perspective of 
having to adapt to the necessities of your students without actually seeing them perform 
in the classroom, as we have witnessed in the current COVID-19 epidemic. In addition to 
an understanding of the algorithms, not only researchers but also teachers will have to be 
familiar with the results ML models provide for them. In short, as the digitisation and the use 
of ML become more and more prevalent in every aspect of our lives, their understanding in 
form and content as well as its presentation and teaching must enter the curricula as well. As 
this overview has shown, the growing size and complexity of datasets and the requirements 
for statistical models, such as unambiguousness and replicability, urge researchers in the 
educational sciences to become familiar with ML, including all its possibilities and caveats. 
We believe that a thorough knowledge of IML will become an integral part of the statistical 
education of future researchers in the field of education and urge scholars to incorporate 
ML in their teachings. For researchers, we recommend incorporating the focus on gener-
alisability of the models. In the sense of Ockham's Razor, a simple linear association has 
its merits in many contexts (especially when little data is available) but should hold under 
cross-validation and be compared to more complex models. In this sense, the focus on 
replicability should be extended to a culture of open science, shared data and available 
analysis codes, as has been proposed in the light of the replication crisis almost a decade 
ago (Collaboration, 2012).
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