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Forecasting student performance can help to identify students at risk and aids in recommending actions to improve 
their learning outcomes. That often involves elaborate machine learning pipelines. These tend to use large feature 
sets including behavioral data from learning management systems or demographic information. However, this 
complexity can lead to inaccurate predictions when concept drift occurs, or when a large number of features are 
used with a limited sample size. We investigate the performance of different machine learning pipelines on a 
data set with change in study behavior during the Covid-19 period. We demonstrate that (i) LASSO, a shrinkage 
estimator that reduces complexity and ovefitting, outperforms several machine learning models under these 
circumstances, (ii) a linear regression relying on only two handcrafted features achieves higher accuracy and 
substantially less predictive bias than commonly used, more complex models with large feature sets. Due to 
their simplicity, these models can serve as a benchmark for future studies and a fallback model when substantial 
concept or covariate drift is encountered.

1. Introduction

The use of educational technology (EdTech) such as Learning Man
agement systems (LMS) in higher education has increased substantially 
over the past decades (Dziuban et al., 2018). This increase provides 
educational institutions with extensive data related to their learners. 
In addition to student background data, (e.g. course enrollment, prior 
degrees) learning behavior such as online interactions with EdTech is 
now being recorded along learning outcomes (i.e. course grades). Edu
cational Data Mining (EDM) develops methods to explore such data and 
use it to better understand students and the educational settings they 
learn in (Baker & Yacef, 2009; Dutt et al., 2017). One of the main goals 
of EDM is to assist teachers and students in education (Dutt et al., 2017). 
Despite a consensus that EDM has the potential to improve teaching and 
learning (Ifenthaler & Yau, 2020), there is little evidence on a widely 
deployed use of educational data for this purpose (Viberg et al., 2018; 
Tsai et al., 2020).

Predicting student success, a key focus of EDM, has received large 
attention in the last decade (Balaji et al., 2021; Namoun & Alshanqiti, 
2020; Xu et al., 2017). Typically student prfiles (e.g. parents’ educa
tion, prior degrees, etc.) and trace data from EdTech (e.g. online learn
ing environments) are used to predict students’ learning results (e.g. 
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pass/fail or course grades on a continuous scale) (Gašević et al., 2016; 
Namoun & Alshanqiti, 2020). One application is to identify at-risk stu
dents early for timely intervention (Xu et al., 2017). This is important as 
the growing use of EdTech can lead to larger student groups per teacher, 
potentially diminishing the ability to provide personalized attention to 
each student (Laurillard, 2013). Meaningful student interventions re
quire early, accurate and explainable predictions (Meier et al., 2016; 
Namoun & Alshanqiti, 2020) which is challenging due to limited data 
available, variation in academic assignments and exams, and diverse 
student backgrounds (Meier et al., 2016).

All these factors change over time, and accordingly can lead to co
variate drift where the distribution of the features (or covariates) that 
are used to predict student performance changes, and concept drift 
where the relation between forecast target and the predictive features 
changes (Tiukhova et al., 2024; Conijn et al., 2017).

This again can lead to poor performance of predictive models and 
potentially systematically biased predictions (Bayram et al., 2022). Nev
ertheless student performance prediction often entails large behavioral 
feature sets and hard to explain machine learning models, that are 
specifically vulnerable to concept and covariate drift, due to the sheer 
amount of potentially drifting feature-target relations. We show that un
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der data and concept drift, simple and sparse prediction methods can be 
superior to these elaborate prediction methods.

Our research has four main contributions: (i) we provide a descrip
tive analysis of collected data on freshmen students in nursing and 
find that their learning behavior shifted substantially between academic 
years. The changing teaching environment during the Covid 19 pan
demic may have contributed to this shift. We show that this negatively 
biases the predictions of different models. (ii) Using LASSO feature selec
tion and a linear regression analysis, we assess the predictive power of 
various features proposed in literature and crafted based on our own ex
perience to predict student success. These features include background 
data on students (e.g. prior degrees), the results of the Motivated Strate
gies for Learning Questionnaire (MSLQ) (i.e. a validated instrument to 
assess learning strategies and motivation in students) and higher level 
features generated from trace data on the learning platform that was 
used. We find that only a small subset of these relate significantly to stu
dent success. (iii) We demonstrate that a simple linear benchmark model 
using only the midterm trial exam and whether the respective student 
has a general education degree performs better than several elaborate 
machine learning pipelines. (iv) We discuss the actionability of our re
sults to improve education.

Section 2 reviews related works. Section 3 describes the methodol
ogy and framework. Section 4 presents the results and discussion. We 
conclude in Section 5.

2. Background

One of the most important applications of EDM and Learning Analyt
ics is to develop predictive models for students’ success. These models 
can be used in early warning systems (EWS), to provide at-risk stu
dents with recommendations to improve their learning strategies or to 
gain insights into the positive or negative effects of certain study be
haviors (Bernacki et al., 2020; Jovanović et al., 2021). Typically, these 
predictive models are built using large feature sets and more or less 
transparent and complex prediction methods (for example Howard et 
al., 2018; Tiukhova et al., 2024; Riestra-González et al., 2021). The fea
tures and models used should thereby rflect the targeted use-case: if 
the goal is simply to identify students at risk in an EWS, the prediction 
itself triggers an action, and it foremost needs to be early and accurate, 
so that students can still act on it. However, if causal insights are the 
motivation, the actionability of a specific feature depends on the spe
cific educational aspect that one wants to improve. For example, age or 
prior degrees might be strong predictors of course success, and accord
ingly improve predictive accuracy for EWS, however, they do not allow 
for recommendations on better study behavior. This would require fea
tures that directly relate to study behavior, enabling actionable insights 
that students can use to improve their learning behavior (Bernacki et 
al., 2020).

While few Learning Analytics Dashboards currently integrate predic
tive analytics, the trend is growing (Ramaswami et al., 2023). Positive 
effects are often attributed to interventions triggered by early warnings 
from predictive models, which can lead to self-reflection and positive be
havioral changes in students. For example Bernacki et al. (2020) report 
that students predicted to perform poorly that received and accessed 
an early warning outperformed their peers on a similar trajectory that 
did not access or receive the early warning. However, many dashboards 
lack detailed insight and transparency into the predictions, hindering 
the ability to offer tailored interventions (Ramaswami et al., 2023).

2.1. Predictors for student success

Among the most common used features to predict students’ success 
is behavioral data retrieved from logged variables from LMS (Ifenthaler 
& Yau, 2020). These can for example comprise the consistency and fre
quency of the student’s learning behavior based on the number of log 
ins. Whether these hold actually predictive value is however unclear: 

Bernacki et al. (2020) found that an early warning system, built solely 
on behavioral data such as access to the different study resources helped 
at-risk students to improve their outcome, and Jovanović et al. (2021) 
found several aggregates of activity logs from an LMS being significant 
in a regression analysis. Contrary Conijn et al. (2017) and Tempelaar 
et al. (2016) found that these hold only limited predictive value and 
that they are not stable across different courses in different disciplines. 
Log data is often used to assess student self-regulation, which is related 
to student success (You, 2016). In our study, we construct several be
havioral features from log data on which we elaborate in Section 3.2. 
Additionally, we assess the motivation and learning strategies of stu
dents, by the validated Motivated Strategies for Learning Questionnaire 
(MSLQ). This allows us to capture factors in the study behavior of stu
dents that might ifluence student performance but are not rflected in 
the log data. For example Wu (2021) find that self-reported help seek
ing tendency correlates positively with student success and self-reported 
procrastination tendency correlates negatively with student success.

Additionally, the usage of discussion forums has been reported as 
a valuable predictor in several other studies (Morris et al., 2005; Chen 
& Cui, 2020; López-Zambrano et al., 2020; Romero et al., 2013) while 
others, such as Lauría et al. (2012) have reported only weak correlations.

In addition, the assessments that occur during the course are fre
quently reported to be strong predictors (Macfadyen & Dawson, 2010; 
Tempelaar et al., 2016; Howard et al., 2018; Riestra-González et al., 
2021). Depending on the course setup, these can exhibit predictive 
power, simply because they count into the overall course results, as for 
example in Riestra-González et al. (2021). However, by nature in these 
cases this already limits the opportunities to act upon a prediction, as 
part of the bad grade is already fixed at the time of prediction (Bernacki 
et al., 2020). We include voluntary trial exam data in our modeling as it 
is conducted early enough (halfway the semester), and is not included 
in the overall grade at the end of the semester.

Including all the aforementioned features leads to relatively big fea
ture sets that are often evaluated on a limited number of observations 
(for example Howard et al., 2018; Romero et al., 2013; Costa et al., 
2017). Although this lies to some extent in the nature of the use case, 
since student consent might be required for the analysis, and researchers 
often only have access to data from a limited amount of courses, it poses 
specific challenges in modeling. Features might be found significant in 
regression analysis by chance: the calculation of p-values is based on the 
quality of the estimation of model coefficients, which is dependent on 
sample size. Exploratory models that have a low ratio of observations to 
parameters carry the risk of weak estimation that can lead to spurious 
p-values (Hastie et al., 2008; Wasserstein & Lazar, 2016).

Additionally, this set up can lead to ovefitting on the training data, 
as the chance of spurious correlations is high when many features on 
few observations are present (Lever et al., 2016). In the education ana
lytics literature this is for example rflected in the findings of Howard et 
al. (2018), where principal component regression (PCR) outperforms all 
benchmarks. PCR is a method from statistics, that first compresses the 
initial large feature set into few features (components) by projecting the 
initial features onto fewer new ones such that most of the variance of 
the original features is kept. Then a linear regression is fit onto these 
new artficial features. This potentially looses a part of the information 
present in the initial feature set, but makes the prediction model more 
robust due to fewer used features (Stock & Watson, 2004). Additionally, 
Costa et al. (2017) finds that a data preparation pipeline that includes a 
non-specified feature selection method improves predictions over mod
eling on the raw data.

2.2. Predictive models

Predictive models used to predict student performance include Adap
tive Boosting, Bayesian Additive Regressive Trees, Bayesian Network, 
Decision Trees (J48), Gradient Boosting Trees, K-Nearest-Neighbour, 
Linear Regression, Logistic Regression, Naïve Bayes, Neural Networks 
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(MLP), Random Forests, Support Vector Machines, and XGBoost 
(Namoun & Alshanqiti, 2020; López-Zambrano et al., 2021; Alwarthan 
et al., 2022). These prediction methods are typical for tabular data and 
are applied across various domains and discussed in textbooks on ma
chine learning and statistics (for example Hastie et al., 2008). XGBoost 
and Gradient Boosting Trees tend to outperform neural networks on 
medium-sized data sets with roughly 10.000 observations, (Grinsztajn et 
al., 2022). The use of plain decision trees is uncommon in other domains 
because these are weak learners and generally achieve less performance 
compared to their more advanced counterparts, such as Random Forest, 
XGBoost, and Gradient Boosting Trees (Breiman, 2001; Chen & Guestrin, 
2016; Grinsztajn et al., 2022). Given the often limited available data set 
size for studies in education analytics, we suspect that the performance 
of predictive algorithms lies more in finding simple, robust patterns 
rather than complex ones, as the latter also increases the risk of over
fitting. For linear models this can be addressed by shrinkage-estimators 
like LASSO and RIDGE regression, where the sum of the magnitudes or 
sum of the squares of the coefficients are penalized (p.68 ff Hastie et 
al., 2008), and accordingly the model focuses only on very prevalent 
patterns and is more robust to noise.

2.3. Concept and covariate drift

Change in context - and accordingly in data - between training phase 
and prediction phase can lead to deteriorating performance of predic
tive models (Bayram et al., 2022). This change can be split in covariate 
drift, where the distribution of the features (also refereed to as covari
ates) changes, and concept drift where the relation between features and 
target change. Covariance drift is typically detected by some test statis
tic that measures the difference between the distribution of the features 
at training and prediction phase (Gama et al., 2014). Concept drift is 
typically detected by a significant change of the prediction errors.

In student performance prediction the context changes from course 
to course and year to year (Tiukhova et al., 2024; Conijn et al., 2017). 
Accordingly covariance and concept drift is likely to occur. Covariance 
drift can be detected by assessing the features of the students in the 
courses that was learned on, versus the courses that need to be predicted. 
However, the detection of concept drift using the prediction errors is of 
limited help in the discussed use case since we observe the prediction 
errors of all students in a course only at the end of this course, and so 
no adaptation to the specific course is possible. This is in contrast to sys
tems with continuous data streams, where the model can be gradually 
adapted to the drift (Gama et al., 2014). Instead we hypothesize that 
simple models with few features are less prone to concept drift, sim
ply because they rely on less feature-target relations that might drift. 
Illustratively: if behavioral (LMS) data is not included in the predictive 
model, the concept drift between student behavior in the LMS data and 
student performance is not relevant to the model.

3. Methodology

We analyze the causal effect of behavioral features derived from 
interactions with the learning management system through regression 
analysis, controlling for previous education of the students. Addition
ally, we focus on student success predictions for EWS, and accordingly 
evaluate accuracy of predictions halfway through the semester, early 
enough for students to respond to the warnings.

Our methodology is outlined below. In Subsection 3.1, we describe 
the investigated course and the collected data, then in Subsection 3.2, 
we describe the constructed features. In Section 3.3 we outline the pre
dictive models used.

3.1. Participants and setting

We collected data from an introductory physiology course designed 
for freshmen students in nursing over a period of three consecutive aca
demic years (AY): comprising a training set spanning AY 2020-2021 

Fig. 1. Cumulative distribution of students’ grades. A student is considered 
‘Medium’ when their grade is between 8 and 12.

and AY 2021-2022, and a test set from AY 2022-2023. We refer to 
these periods as AY 20-21, AY 21-22 and AY 22-23 respectively. The 
synchronous classes during AY 20-21 and AY 21-22 primarily occurred 
online due to public health restrictions during the Covid-19 pandemic. 
This means we train on data collected during the Covid-Period to pre
dict post Covid-Period data. We point out the implications of this in 
Section 4. The course used a blended learning method, integrating a 
majority (> 90%) of asynchronous online activities with limited syn
chronous (i.e. ‘traditional’) face-to-face teaching. The online learning 
content was organized within a LMS (i.e. Moodle) and consisted of in
structional video clips, quizzes and moderated discussion forums. The 
course implemented a student centered asynchronous learning approach 
(Bossant et al., 2022), providing students with the flexibility to progress 
through the material at their own pace. Students had access to all learn
ing materials and were able to engage with course content according to 
their individual schedules and their preferred sequence. In addition to 
the quizzes per instructional video clip, the students had the opportu
nity to partake in a mid-semester trial exam. Throughout the semester a 
limited number of synchronous face-to-face sessions were organized al
lowing students to ask questions. No new content was introduced during 
these sessions. Data of students that dropped out of the course or did not 
give their consent was excluded from the study, ensuring the integrity 
and ethical compliance. Table 1 provides key descriptive statistics per
taining to the final grades for each academic semester. 

In Fig. 1 the cumulative distribution of the students’ final grades is 
shown. Despite passing the course being the most important result, the 
grades are split into three levels: ‘Low’ (0-7), ‘Medium’ (8-12) and ‘High’ 
(13-20). We chose the thresholds of 8 and 13 because they represent 
the tolerable fail and distinction mark in Belgium, where the data was 
collected. A tolerable fail means that students can progress in the cur
riculum despite failing the course according to government regulations. 
As can be seen on the graph, the three grade categories -low, medium, 
and high- are relatively balanced with similar numbers of students in 
each. However, performance varies substantially over the years. For in
stance, in AY 22-23 (post Covid-period), there was a notable increase 
of students who failed the course. Additionally, the proportion of stu
dents scoring between 8 and 12 was lower, accounting for only 22%, 
compared to 35% during the Covid-period (AY 20-21 and AY 21-22).

3.2. Predictive features

At the start of the semester, we conducted a comprehensive survey to 
gather information about students’ demographic and educational back
ground, including factors such as their highest attained degree and the 
type of Secondary Education they completed.

In addition, participants completed the Motivated Strategies for 
Learning Questionnaire (MSLQ Pintrich, 1991). This questionnaire is a 
self-report instrument using a 7-point Likert scale that provides a frame
work for assessing students’ motivations and learning strategies. In line 
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Table 1
Overview of results. Only results from students that gave consent were included in the study.

Period # students Passed exam Average grade Std. Dev. (grade) Median grade 
AY 20-21 96 61.5% 10.71 4.3 11 
AY 21-22 108 51.9% 9.44 4.3 10 
AY 22-23 158 43.7% 9.30 4.8 9 

with Bossant et al. (2022) the following constructs were assessed using 
50 questions from a validated translation of the MSLQ:

(a) Rehearsal
(b) Elaboration
(c) Organization

(d) Critical Thinking
(e) Self Regulation
(f) Peer Learning

(g) Effort
(h) Environment
(i) Help Seeking

Students responses were converted into numerical features by com
puting the mean for each category (Bossant et al., 2022). We merged 
these survey-derived features (i.e. student demographics and MSLQ) 
with data extracted from the LMS. For this purpose we converted the 
raw LMS event data into meaningful features on which we elaborate 
in the following. The cleaning process for the LMS log data addressed 
several potential issues (e.g. instances where system logs generated by 
specific actions could result in duplicate counts or data). We omitted 12 
observations with missing data (e.g. if students did not take the final 
exam).

As emphasized earlier, this work focuses on providing timely support 
to students, which requires early predictions. Therefore, our features 
only include data up to week 8, which is halfway the semester and imme
diately following the trial exam. For example, the quiz results considered 
in our analysis are limited to those recorded up to week 8.

We adopted a methodology similar to Swamy et al. (forthcoming 
2022) to develop a framework for feature categorization and engineer
ing. Our dataset comprises a rich collection of diverse features, provid
ing a holistic view of students’ academic prfiles. At the same time this 
introduces the mentioned modeling challenges in Section 2. We catego
rize the considered features into six groups based on their characteristics 
and relevance to our prediction task:

• Engagement features (ENG) quantify the time spent on online con
tent.

• Performance features (PRF) encompass the students’ scores on var
ious assessments, including quizzes and trial exam.

• Participation features (PAR) indicate whether the student partici
pated in a specific learning task or activity

• Regularity features (REG) capture the consistency and frequency of 
the student’s learning behavior.

• Repetition features (REP) quantify the extent to which the student 
repeats certain learning tasks.

• Learning prfile features (LPR) encompass personal educational 
background and learning-related attributes captured by MSLQ re
sponses.

In Table 2 an overview of the key features is given for each group. 
The correlation 𝜌2 indicates the strength of the linear relationship be
tween each feature and the final grade. Participation features and per
formance on trial and quizzes show the highest correlation with the final 
grade.

3.3. Model building

We approach the problem as a classfication and regression task, the 
two most common set ups in student performance prediction (Abu Saa 
et al., 2019). First, we classify each student into one of the three per
formance groups (High, Medium, Low). Second, we directly predict the 
final exam grade for each student. In application these predictions can 
be used to identify students at risk (when the model predicts Low) as 

it is common in EWS systems, or offer tailored advice to all groups of 
students. Accordingly, our goal is twofold: first, we want to provide ac
curate predictions about the students’ success. For that, we evaluate 
different Machine Learning models with varying complexity on their 
predictive performance. Second, we evaluate the effect of the different 
suggested features onto student success, using LASSO-feature selection 
and a linear model. We first provide a brief introduction to the predic
tion models used, then outline LASSO feature selection.

3.3.1. Prediction models

We evaluate different prediction models from very simple white-box 
approaches to black-box machine learning models. We evaluate sim
ple models with from our own teaching experience handpicked feature 
set: (i) using the trial exam scores directly as predictions for the final 
grade, replacing any missing values with a zero score (TrialExamPure). 
(ii) Fitting a linear/ logistic regression solely on the trial exam grade 
(TrialExamLm). (iii) Fitting a linear/ logistic regression solely on the trial 
exam grade and the GeneralEducation feature (TrialExamGenEduLm).

Additionally, we evaluate pipelines that include the overall feature 
sets: (iv) A linear model with prior feature selection by LASSO (Lm

LASSO). (v) two tree based machine learning models that are among 
the top performing in several benchmarks and common in the learn
ing analytics literature across the whole feature set: xgboost (Xgb) and 
random forest (Rf ) (Breiman, 2001; Chen & Guestrin, 2016; Grinsztajn 
et al., 2022), and support vector machines (Svm). Additionally, we as
sess these models with prior LASSO-feature selection (XgbLasso, RfLasso, 
SvmLasso). For an introduction into the evaluated models, see for exam
ple Hastie et al. (2008).

The simpler models cannot account for various complex patterns that 
might be present in the data, but are also less demanding in training/ 
estimation. Moreover they are by design fully explainable and relatively 
easy to explain to practitioners in their fitting procedure, as well as their 
predictions. Besides various neural network architectures, the Machine 
Learning ones are also the most frequently used models in forecast
ing educational performance (López-Zambrano et al., 2021; Balaji et 
al., 2021). While the predictions of these models are in principle also 
explainable, for example by Shapley values (Lundberg & Lee, 2017; 
Tiukhova et al., 2024), this adds additional complexity in the model
ing pipeline. Table 3 summarizes the used software packages. We use 
the default hyper-parameters for all models. 

3.3.2. LASSO feature selection

Given the relatively large number of features (and depending on the 
model, large number of free parameters) in relation to the relatively 
few number of observations, there is a high risk to ovefit on the training 
data, and have poor generalization, and thus bad predictive performance 
in application (Lever et al., 2016). In a linear model setting this can be 
addressed by LASSO, where in fitting, we not only aim to minimize the 
in sample error, but also penalize the sum of the squared 𝛽-coe˙icients. 
This reduces ovefitting and can thereby lead to more accurate out of 
sample predictions. Additionally this can be used for feature selection, 
as in fitting the 𝛽-parameters of the non-relevant features are shrinked 
to zero. We optimize the regularization-parameter (𝜆), that determines 
how aggressively the parameters are shrinked, via a in sample cross 
validation. For an introduction into LASSO see (Hastie et al., 2008, p. 
68).
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Table 2
Overview of key features used in model.

Set Feature 𝜌2 Description 
ENG TotalActions 0.39 Total actions performed by student. 

MaterialViews 0.30 Number of times student visited the course material. 
DiscussionViews 0.38 Number of times student visited forum. 
TrialExamDuration -0.08 Total time spent on trial exam. 
DiscussionsCreated 0.23 Number of new forum discussions started. 
ActiveDays 0.39 Total number of days with at least one action. 
PostsCreated 0.24 Number of forum contributions. 
QuizAttempts 0.23 Total number of quiz attempts.

PRF TrialExamScore 0.39 Student’s grade on trial exam. 
TrialExamCorrect 0.39 Number of correct answers on trial exam. 
TrialExamWrong -0.19 Number of wrong answers on trial exam. 
TrialUnanswered -0.23 Number of questions left unanswered on trial exam. 
AvgQuizGrade 0.31 Average score on quizzes. 
MinQuizGrade 0.28 Lowest score on a quiz. 
StdQuizGrade 0.17 Std. deviation of quiz scores. 
AvgQuizPercentile 0.39 Student’s average quiz score relative to other students. 
FailedQuizzes -0.13 Number of quiz attempts with a failing score. 
𝑄𝑋 ≤0.36 Score on question 𝑋 of trial exam.

PAR DiscussionsViewed 0.43 % of forum posts viewed relative to total posts available. 
UniqueQuizzes 0.35 Number of unique quizzes completed. 
MaterialAccessed 0.39 % of material accessed relative to total material. 
ChaptersAccessed 0.35 % of chapters accessed.

REG FirstActionDay -0.12 First day student performed certain action. 
WeekVariability 0.35 Std. deviation of actions per week. 
MaxActivityGap -0.28 Max number of days between subsequent actions. 
StdDaysBetween -0.21 Std. deviation of days between actions 
RatioWeekend 0.25 % of actions in weekend

REP AttemptsPerQuiz 0.18 Average number of attempts per quiz. 
ViewsPerMaterial 0.33 Average number of views per course material. 
ViewsPerDiscussion 0.38 Average number of views per forum discussion. 
QuizRetakes 0.18 Number of quizzes completed more than once.

LPF GeneralEducation 0.39 Student completed general Secondary Education. 
TechnicalEducation -0.31 Student completed technical Secondary Education. 
MSLQ𝑋 - Average response to MSLQ construct 𝑋. 
HighestDegree - Highest degree of the student. 

Table 3
Used prediction models.

Method Package Reference 
linear regression glmnet R package, version 4.1-8 Friedman et al. (2010) 
LASSO regression glmnet R package, version 4.1-8 Friedman et al. (2010) 
random forest randomForest R package, version 4.7-1.1 Breiman (2001), Liaw and Wiener (2002) 
xgboost xgboost R package, version 1.7.7.1 Chen and Guestrin (2016) 
support vector machine e1071 R package, version 1.7-14 Vapnik (1997), Chang and Lin (2011) 

3.3.3. Evaluation

For the regression set up, we evaluate model performance by the root 
mean squared error (RMSE), mean absolute error (MAE), and mean er
ror (ME) to evaluate the bias in predictions. For the classfication set 
up, we report accuracy (Acc), precision (Prec), and recall (Rec). We de
note the 𝑖-th actual observation as 𝑦𝑖 , and its prediction (in regression) 
as 𝑦̂𝑖 for each of the 𝑛 students. For classfication we denote true posi
tive predictions by 𝑇𝑃 , true negative predictions by 𝑇𝑁 , false positive 
predictions by 𝐹𝑃 , and false negative predictions by 𝐹𝑁 . The metrics 
are then dfined as:

RMSE = 1
𝑛 

𝑛 ∑
𝑖=1 

(𝑦𝑖 − 𝑦̂𝑖)2, MAE = 1
𝑛 

𝑛 ∑
𝑖=1 

||𝑦𝑖 − 𝑦̂𝑖
|| , ME = 1

𝑛 

𝑛 ∑
𝑖=1 

(𝑦𝑖 − 𝑦̂𝑖),

Acc = 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
, Prec = 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, Rec = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
.

4. Results and discussion

We provide an analysis of the collected data and a concept drift anal
ysis from the Covid-period to the non-Covid period in Section 4.2. Next, 

in Section 4.3, we summarize the selected and significant features, be
fore presenting the results of the accuracy benchmark in Section 4.4.

4.1. Data collection

Data was collected on participants’ demographic, educational back
ground and their interactions with the learning management system. 
Additionally, all participants completed a validated questionnaire as
sessing their motivations and learning strategies (i.e. MSLQ). Research 
shows that students’ learning in online environments is linked to their 
self-regulatory skills, which might impact their learning outcomes (Van 
Laer & Elen, 2017). For example, online or blended learning appears 
to be particularly challenging for learners with lower self-regulatory 
abilities; however, the reverse is also true: students who can effectively 
regulate their own learning tend to perform well in these environments 
(Van Laer & Elen, 2017). Various theories on self-regulated learning 
have been developed over recent decades (Van Laer & Elen, 2017), 
which are rooted in a social cognitive perspective (Bandura, 1977), and 
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Fig. 2. Average weekly number of actions per student per activity group. See colored figure online. 
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Fig. 3. Student distribution of LMS variables with the highest 𝜌2 for AY 20-21 and AY 21-22 (training set) and their respective distributions in AY 22-23 (test set). 
See colored figure online.

view learning as an activity actively undertaken by students themselves 
rather than simply a result of instruction (Zimmerman, 1986).

4.2. Descriptive analysis and concept and covariate drift analysis

We first focus on frequency of student access to the online resources 
to better understand student engagement with the course material. Fig. 2
depicts the weekly distribution of student activity for the three academic 
years, categorized into the groups Trial Exam, Quiz, Forum, or Other. 
In all years, the activity increases towards the end of the semester, av
eraging approximately 35 actions per student per week. However, in 
the post-Covid period (AY 22-23), the activity during the first eight 
weeks was approximately 29% lower compared to the same weeks dur
ing Covid-19 (AY 20-21, AY 22-23). Using the Kolmogorov–Smirnov 
test we find a significant covariate drift for most engagement features, 
all performance features, all participation features, most regularity fea
tures, and most repetition features. In contrary we do not find covariate 
drift for the learning prfile features. Table A.7 provides an overview of 
the p-values per feature.

Next we analyze the concept drift between AY20-21/AY21-22 (train
ing data, Covid period) and AY22-23 (test data, post-Covid period) for 
some key features: Fig. 3 illustrates the proportion of students falling 
into specific grade categories for different features. For all these we find 
considerable concept drift: In the Covid period, only 9.7% of the stu
dents that viewed less than 10% of the forum discussions during the 
first half of the semester achieved a High grade. In the post-Covid pe

riod the share rose up to 18.6%. When students viewed at least 10% of 
the forum discussions, the proportions substantially rose to 47.5% and 
48.2% respectively. Similarly, regarding the days active, in the Covid
period only 12.7% of students who were active less than 20% of days 
achieved a High-grade, but 17.2% of these did in the post-Covid period.

Regarding the trial exam, there was a decrease in the number of 
students participating in the post-Covid period (AY 22-23). In the Covid 
period, 42.7% of students who obtained a High score on the trial exam 
also achieved a High score on the final exam. Conversely, in the post
Covid period, this proportion increased to 72.2%. 48.5% and 56.5% Of 
students who failed or did not participate in the trial exam, achieved a 
Low score on the final exam. The results of the trial and final exams, 
correlate with 49% for AY 22-23.

Fig. 4 shows the distributions of the AY 21-22 (Covid period) and 
AY 22-23 (post-Covid period) for participation features. As mentioned 
above, the students in AY 22-23 were overall less active during the first 
half of the semester. 

4.3. Feature relevance

We use LASSO for a first step feature selection and then evaluate the 
relevance of each selected feature for predicting the grade of each stu
dent, with a linear model. For the regression analysis here we do so on 
train and test data jointly. The feature selection in the accuracy bench
mark (Section 4.4) is done only on the training data to prevent data 
leakage. We report the selected features, along with the fitted coeffi
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Fig. 4. Distribution of participation features for AY20-21/21-22 (training set), and AY22-23 (test set). Upper left: ratio of quizzes attempted, upper right: forum 
discussions viewed, lower left: chapters accessed, and lower right: % of total material accessed. See colored figure online.

Table 4
Regression: fitted coefficients and their signifi
cance.

Set Feature coef (± std. error) 
ENG TrialExamDuration ′-0.31 (± 0.18) 
PRF TrialExamWrong ***-1.07 (± 0.24) 

Q15 *0.82 (± 0.41) 
Q7 *0.68 (± 0.34) 
TrialExamScore 0.39 (± 0.36) 
TrialExamCorrect 0 (± 0.52) 
AvgQuizPercentile 0.21 (± 0.27)

PAR DiscussionsViewed 0.4 (± 0.47) 
ChaptersAccessed 0.33 (± 0.31) 
MaterialAccessed 0.15 (± 0.28)

REG ViewsPerDiscussion 0.52 (± 0.46) 
StdDaysBetween -0.24 (± 0.22)

LPR MSLQ Elaboration *0.46 (± 0.18) 
GeneralEducation ***1.24 (± 0.19) 
TechnicalEducation **-0.51 (± 0.19) 

Significance in the linear model: ∗∗∗ ∶ 𝑝 < 0.001, 
∗∗ ∶ 𝑝 < 0.01, ∗ ∶ 𝑝 < 0.05, ′ ∶ 𝑝 < 0.1.

cients and their significance in the regression setting in Table 4, and 
for classfication in Table 5. Features that were not selected by LASSO 
are omitted from the table. The feature selection beforehand allows for 
a more robust regression analysis, since substantially fewer indepen
dent variables are considered and as outlined in Section 2, evaluating 
a large set of features on relatively few observations can lead to spuri
ous findings. Table 4 shows that LASSO selects 15 features, and of these 
the OLS regression identfies six variables as significant for student suc
cess: the trial exam results (TrialExamWrong and answers to two specific 
questions), the answers to the MSLQ Elaboration questionaire, and the 
previous highest degree of the student (GeneralEducation, OtherEduca
tion). In the classfication setting, LASSO selects 19 features of which 8 

are significant in the OLS regression over all classes (High - Medium -
Low). The main difference to the regression setting is the share of forum 
discussions viewed (DiscussionsViewed) and TrialExamScore. All other 
features, many of them used to predict student success by previous stud
ies are insignificant in our analysis or omitted by LASSO.

The duration of the trial exam and the number of wrong answers on 
the trial exam have a negative effect on the student success. In contrast, 
discussions viewed and materials accessed have a positive impact on 
the student success. The general education level has a positive impact 
on the student success. The same can be seen in Table 5 as a positive 
coefficient for the category ‘High’ and negative coefficient for the cat
egory ‘Low’. Technical education, the alternative to general education 
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Table 5
Classification: fitted coefficients and their significance.

Set Feature High Medium Low 
ENG TrialExamDuration *-0.53 (± 0.22) - -

DiscussionsCreated ′0.42 (± 0.25) - -
MaterialViews 0.12 (± 0.27) - -

PRF TrialExamScore * 0.71 (± 0.35) - ′-0.44 (± 0.26) 
TrialExamCorrect -0.61 (± 0.5) - -0.05 (± 0.36) 
TrialExamWrong **-0.71 (± 0.23) - -
AvgQuizPercentile -0.03 (± 0.23) - -
Q15 - - -0.07 (± 0.25) 
Q16 *0.64 (± 0.32) - -
Q7 *0.61 (± 0.27) - -

PAR DiscussionsViewed 0.24 (± 0.41) - *-0.52 (± 0.22) 
MaterialAccessed -0.15 (± 0.33) - -

REG StdDailyActions - - -0.1 (± 0.27) 
StdDaysBetween - - 0.19 (± 0.16)

REP ViewsPerChapter 0.2 (± 0.25) - -0.1 (± 0.25) 
ViewsPerDiscussion 0.12 (± 0.45) - -

LPF MSLQ Elaboration * 0.35 (± 0.16) - -
MSLQ_Submit_Date -0.15 (± 0.18) - ′0.27 (± 0.15) 
GeneralEducation ***0.82 (± 0.15) - ***-0.79 (± 0.15) 

Significance in the linear model: ∗∗∗ ∶ 𝑝 < 0.001, ∗∗ ∶ 𝑝 < 0.01, ∗ ∶ 𝑝 < 0.05, 
′ ∶ 𝑝 < 0.1.

Table 6
Accuracy benchmark results. Accuracy (Acc.) relates to the classfication setting, and RMSE to the re
gression setting.

Modela RMSE MAE ME Acc. Precisiona Recalla

H M L H M L 
TrialExamPure 5.91 4.68 2.76 0.54 0.73 0.33 0.54 0.59 0.26 0.73 
TrialExamLm 4.05 3.41 0.46 0.50 0.94 0.35 0.55 0.37 0.55 0.56 
TrialExamGenEduLm 3.75 3.12 0.27 0.55 0.81 0.39 0.72 0.37 0.70 0.58 
LASSO 3.79 3.22 -0.74 0.44 0.69 0.34 - 0.48 0.83 0.09 
LmLASSO 3.65 3.02 -0.74 0.48 0.70 0.34 0.65 0.50 0.67 0.31 
RfLASSO 3.91 3.16 1.40 0.49 0.98 0.35 0.58 0.11 0.52 0.75 
Rf 4.51 3.64 2.11 0.40 - 0.12 0.44 0.00 0.06 0.99 
SvmLASSO 4.76 4.00 0.26 0.31 - 0.31 - 0.00 1.00 0.00 
Svm 4.92 4.24 -1.22 0.31 - 0.31 - 0.00 1.00 0.00 
XgbLASSO 5.70 4.58 3.66 0.46 0.56 0.35 0.59 0.19 0.53 0.61 
Xgb 6.73 5.54 5.36 0.53 0.59 0.36 0.58 0.28 0.30 0.90 
a H: High mark, M: Medium mark, L: Low mark; Precision for zero predictions in the respective class 

cannot be calculated.

hinders the students’ success. A high score on the MSLQ Elaboration fea
ture improves student performance, and is particularly helpful to obtain 
a ‘High’ grade. MSLQ Elaboration is a self report on a specific cognitive 
strategy. This includes paraphrasing, summarizing, creating analogies 
and generative note-taking and helps students storing information into 
long-term memory by connecting it to prior knowledge. The finding 
that self-reported elaboration is linked with student performance can 
be valuable information for the teacher of this specific course. Based 
on Pintrich’s original work the teacher might suggest to paraphrase and 
summarize important information (Pintrich, 1991). Also, encouraging 
students to imagine themselves as the teacher explaining the content to 
others could improve their understanding and performance (Pintrich, 
1991). As with all predictive features we believe that MSLQ constructs 
are subject to instructional conditions meaning that different courses 
might find value in different constructs (Gašević et al., 2016). Overall 
these findings are in line with our expectations from our own teaching 
experience.

4.4. Predictive accuracy benchmark

We report forecast accuracy for the described 12 different predictive 
modeling set ups with varying complexity and explainability. We do so 

for the classfication set up and the regression set up. For the pipelines 
that include LASSO feature selection, this was done only on the training 
set (in contrast to our regression analysis). Table 6 provides the accuracy 
results on the test set.

Besides our very simple models being (among) the most accurate, we 
also find that the predictions of the Random Forest and XGBoost are sub
stantially biased (ME). Fig. 5 illustrates the predicted versus the actual 
grades for a single seed of XgbLasso. The predictions systematically un
derestimate the true grades of high-performing students. This bias can 
probably be attributed to the concept drift from AY 21-22 to AY 22-23. 
Throughout the models, the bias is lower when feature selection is done 
beforehand, and the simplest approaches achieve a substantially lower 
bias. Svm and SvmLASSO predict ``Medium'' for each student and are 
such also fairly unbiased but also has no predictive power.

5. Conclusions

We collected data from freshmen students in nursing aiming at early, 
accurate and explainable prediction of student success in a physiology 
course. For this purpose we extracted and analyzed student interaction 
variables from a LMS and combined them with demographic informa
tion on students and the results from a questionnaire on self regulation. 
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Fig. 5. Predicted grades compared to true grades for a single seed of XgbLasso 
model. See colored figure online.

We find notable shifts in online student engagement over successive aca
demic years. Despite maintaining a comparable overall level of activity 
throughout the entire semester, students in the AY 22-23 were less ac
tive during the first half of the semester compared to the previous year. 
Additionally, a smaller proportion of students participated in the trial 
exam and the average score of those that did was lower.

The transition from full remote learning modalities during the Covid
19 pandemic back to limited face-to-face teaching in AY 22-23 may have 
contributed to the observed change in student behavior. We find that 
students had a more stable online learning pattern when face-to-face 
education was prohibited. This may explain (in part) a covariate and 
concept drift in the data that makes learning from the pandemic-years 
challenging. However, based on previous work we believe that similar 
data shifts are common in educational settings, making the potential use 
of predictive algorithms in learning analytics challenging (Conijn et al., 
2017; Tiukhova et al., 2024). So even though Covid-19 was a highly 
unusual and maybe unique study period, drifts in study behavior are 
not uncommon - similar drifts might for example occur due to changes 
in teachers, curriculums or student prfile. Additionally, also other cri
sis such as natural disasters, or armed coflict likely cause substantial 
change in student behavior. Accordingly, our findings might transfer to 
these circumstances as well, and are not unique to the special circum
stances under investigation.

Using the collected data, we evaluated a number of features on their 
significance and relation to student performance. For this purpose we 
combined student background data (e.g. the MSLQ questionnaire or 
prior degrees) with online learning behavior such as the performance 
on a voluntary trial exam halfway the semester and trace data from the 
learning platform. We found the following features to be significant: (i) 
the student’s prior education degree (ii) the MSLQ Elaboration feature, 
(iii) the trial exam performance, (iv) to what extent the online forum 
discussions were used. The finding that student background data holds 
predictive value cofirms previous research (Aggarwal et al., 2021) al
though this is not a stable finding (Tomasevic et al., 2020). The MSLQ 
Elaboration feature is up to now not commonly used in models for stu
dent performance prediction, but it can guide teachers in the choice 
of pedagogic methods, and is such valuable beyond accuracy improve
ments. It will be interesting to see whether our result holds in other 
courses, similar to the nursing course in our study. That predictive ac
curacy benfits from early assessments like the trial exam is in line with 
previous research (Namoun & Alshanqiti, 2020). Finally, although the 
predictive value of interacting with discussion forums has been reported 
before, this is also not a stable finding in published literature. Other 
features that have previously been linked with predictive power (e.g. 
regularity features) were not significantly linked to student performance 
in this work. Overall, these results cofirm that predictive modeling in 

education is specific to instructional context and should include student 
background data.

In our predictive accuracy evaluation, we find that a linear model 
that takes into account only performance on the trial exam and the 
GeneralEducation feature (i.e. prior degree) identfied 72% percent
age of students who failed the course already halfway the semester, 
performed best in the classfication setting, and ranked second in the 
regression setting even when compared to several elaborate machine 
learning pipelines. Next to its good performance, this model is also ex
plainable in fitting and predictions. The more elaborate models that used 
large behavioral feature sets provided substantially biased predictions 
that systematically underestimated student performance, likely due to 
the mentioned concept drift. This effect was also mitigated by the sim
ple sparse model. Accordingly, for scientific studies we suggest to use 
linear models with similar and few features at least as a benchmark to 
predict student performance in a blended learning environment, espe
cially if there is only few data available or data shift has to be expected, 
as it was the case in our study. Even though this model does not directly 
allow for behavioral insights, practitioners and EdTech software suppli
ers can use it for use-cases where the prediction itself triggers an action, 
such as in EWS.

We acknowledge the following limitations. Firstly, the collected data 
was on a single course, which limits the generalizability of our findings 
to other subjects or academic contexts. Second, this also leads to a fairly 
small data set, where we would not have expected machine learning 
algorithms to blossom. On substantially larger data sets, these might 
perform better than our simple benchmarks. However, given the sub
stantial concept drift in the data, we suspect that any method that learns 
complex patterns in the data will have similar difficulties, irrespective 
of data set size. Third, although nearly all learning activities were orga
nized online, we do not report on teacher behaviors that might ifluence 
student’ learning behavior or results. While data collection in a real-life 
setting can enhance ecological validity, it complicates the standardiza
tion of teacher behavior. For instance, variations in the extent of teacher 
encouragement to engage with online study materials are not reported 
and differed across academic years (e.g. in the AY 22-23 the teacher sent 
personalized messages encouraging interaction with the learning mate
rial following the trial exam). This might have impacted some of the 
data drift that we report. We believe our accuracy and regression study 
results remain nevertheless valid since these do not directly depend on 
the cause of the data drift. Additionally, we did not capture offline learn
ing activities, such as studying from textbooks, notes or participating in 
face-to-face classes. These activities impact student performance beyond 
online learning, and might be addressed in future research.
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Appendix A. Kolmogorov–Smirnov test result table

Table A.7

Kolmogorov-Smirnov test results.

Set Feature p-Value 
ENG TotalActions < 1e-06 

MaterialViews 0.009 
DiscussionsViews < 1e-06 
TrialExamDuration 0.002 
DiscussionsCreated 0.7 
ActiveDays < 1e-06 
PostsCreated 0.389 
QuizAttempts < 1e-05

PRF TrialExamScore < 1e-06 
TrialExamCorrect < 1e-06 
TrialExamWrong < 1e-05 
TrialUnanswered < 1e-06 
AvgQuizGrade < 1e-03 
StdQuizGrade < 1e-05 
MinQuizGrade < 1e-03 
MaxQuizGrade < 1e-04 
AvgQuizPercentile < 1e-04 
FailedQuizzes < 1e-03 
𝑄𝑋 [< 1𝑒− 03,< 1𝑒− 06]

PAR DiscussionsViewed < 1e-04 
UniqueQuizzes < 1e-05 
MaterialAccessed < 1e-06 
ChaptersAccessed < 1e-05 

Set Feature p-Value 
REG FirstActionDay < 1e-06 

WeekVariability < 1e-05 
MaxActivityGap 0.001 
StdDaysBetween < 1e-05 
RatioWeekend 0.006

REP AttemptsPerQuiz < 1e-03 
ViewsPerMaterial < 1e-05 
ViewsPerDiscussion < 1e-03 
QuizRetakes 0.161

LPF GeneralEducation 1 
TechnicalEducation 0.993 
MSLQ_Rehearsal 0.408 
MSLQ_Elaboration 0.203 
MSLQ_Organization 0.999 
MSLQ_Critical_Think 0.877 
MSLQ_Self_Regulation 0.612 
MSLQ_Environment < 1e-06 
MSLQ_Effort < 1e-05 
MSLQ_Peer_Learning < 1e-03 
MSLQ_Help_Seeking 0.003 
MSLQ_WeightedAVG 0.78 
HighestDegree 1 
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